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Abstract

Prolonged work stress has an extensive negative impact across modern society. In recent years, it
has become an increasing issue, specifically in cognitively demanding knowledge-intensive
professions. To address the global necessity of the timely detection and reducing of work stress,
sensor-based automated methods for measuring stress are emerging. To date, most stress
assessment studies have been conducted in laboratory environments investigating the short-term
effects of artificially induced stress. However, in the real world, stress is caused by a wider variety
of factors over time, implying a need for more information with long-duration experiments in
actual daily work life. Moreover, individuals perceive stress differently, and adaptation to personal
characteristics is required for the best results.

This dissertation proposes a scientifically novel way of detecting work stress using machine
learning and unobtrusive sensors in different types of knowledge work environments. The
applicability of indoor environmental quality and human motion sensor data for continuous work
stress assessment of individual employees was examined by conducting three longitudinal real-
life experiments and an online survey. The results suggested that the developed stress monitoring
system can help in assessing perceived work stress on a daily basis. Moreover, the survey results
revealed that the use of environmental sensors for continuous work stress assessment is
acceptable, and knowledge workers are willing to share their stress-indicative data to promote
well-being at work. The presented findings enable automated follow-up of employee stress,
suitable for the future development of personalized well-being solutions to avoid excessive work
stress at individual and organizational levels.

Keywords: automatic stress assessment, environmental sensor data, human factors,
human motion data, modeling, work stress
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ympäristöanturidatalla. 
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Tieto- ja sähkötekniikan tiedekunta, Teknologian
tutkimuskeskus VTT Oy
Acta Univ. Oul. C 803, 2021
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Pitkittyneellä työstressillä on merkittäviä negatiivisia vaikutuksia koko yhteiskuntaan. Viime
vuosina siitä on tullut kasvava ongelma erityisesti kognitiivisesti haastavissa tietointensiivisissä
ammateissa. Jotta voitaisiin vastata maailmanlaajuiseen tarpeeseen tunnistaa ja vähentää työ-
stressiä ajoissa, stressin mittaamiseen tarkoitetut anturipohjaiset automatisoidut menetelmät ovat
nousseet tärkeäksi kehityskohteeksi. Tähän mennessä suurin osa stressin arviointiin liittyvistä
tutkimuksista on suoritettu laboratorioympäristöissä, joissa tarkastellaan keinotekoisesti aiheute-
tun stressin lyhytaikaisia vaikutuksia. Tosielämässä stressi aiheutuu ajan kuluessa monenlaisista
tekijöistä, minkä vuoksi tarvitaan lisää tietoa todellisesta päivittäisestä työelämästä pitkäkestoi-
sin kokein. Lisäksi ihmiset kokevat stressin eri tavoin, ja parhaan tuloksen saavuttamiseksi vaa-
ditaan adaptoitumista yksilöllisiin ominaisuuksiin.

Tässä väitöskirjassa ehdotetaan tieteellisesti uutta tapaa työstressin tunnistamiseen hyödyntä-
mällä koneoppimista ja huomaamattomia antureita erilaisissa tietotyöympäristöissä. Sisäympä-
ristön laadusta ja ihmisen liikkeestä mitatun datan soveltuvuutta yksittäisten tietotyöntekijöiden
työstressin jatkuvaan seurantaan tarkasteltiin toteuttamalla kolme pitkittäistä reaalimaailman
koetta ja verkkokysely. Tulokset viittasivat siihen, että toteutettu stressin seurantajärjestelmä voi
auttaa arvioimaan koettua päivittäistä työstressiä. Lisäksi tuloksista ilmeni, että ympäristöantu-
reiden käyttö jatkuvassa työstressin arvioinnissa on hyväksyttävää, ja tietotyöntekijät ovat kiin-
nostuneita jakamaan henkilökohtaisia stressitietojaan työhyvinvoinnin edistämiseksi. Esitetyt
tulokset mahdollistavat työntekijöiden stressin automaattisen seurannan, mikä on sovellettavissa
personoitujen ratkaisujen kehittämiseen liiallisen työstressin välttämiseksi yksilö- ja organisaa-
tiotasolla.

Asiasanat: automaattinen stressin arviointi, ihmisen liikedata, inhimilliset tekijät,
mallintaminen, työstressi, ympäristöanturidata
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1 Introduction 

“Stress signals reach every organ of your body, so these stress signals are 

potentially influencing everything. Sometimes you don’t realize [you’re stressed] 

until you get that just-in-time notice.”,  according to MIT Professor Rosalind Picard 

(Matheson, 2016, para. 5). 

1.1 Background and motivation 

Prolonged work stress and its consequences constitute a significant problem in 

modern society. While stress is a part of life and can momentarily improve 

performance, prolonged stress contributes to a wide range of adverse outcomes at 

individual and organizational levels, including burnout, mental health disorders, 

cardiovascular diseases, musculoskeletal disorders, and decreased productivity 

(e.g., EU-OSHA, 2014; McEwen, 1998). For example, in 2015, a quarter of all 

employees within the European Union member states experienced frequent or 

constant stress at work, and more than a third felt exhausted (Eurofound, 2017). 

Moreover, the costs of excessive work-related stress are considerable, estimated at 

hundreds of billions of euros annually worldwide (EU-OSHA, 2014). Consequently, 

it is evident that detecting and balancing stress at work is an essential research topic, 

though complex and multidimensional. 

Although work-related stress concerns all forms of labor, it has become a 

particular issue in knowledge work, which has grown rapidly in recent years 

(European Centre for the Development of Vocational Training [CEDEFOP], 2010; 

Ipsen & Jensen, 2012). Knowledge workers can be defined as skilled and 

autonomous workers whose primary tasks involve creating, distributing, and 

applying knowledge to produce new outcomes (Bosch-Sijtsema et al., 2009; 

Davenport et al., 2002). Hence, their work is often intensive and cognitively and 

emotionally demanding, making knowledge workers prone to psychosocial stress 

and fatigue. On the other hand, in the increasingly fierce global competition and 

fast pace of work, healthy and talented employees are organizations’ most 

important form of capital (Deloitte, 2018). Therefore, in line with the United 

Nations Sustainable Development Goals to promote a healthy and productive 

working life, employee well-being has emerged as a strategic priority for 

organizations (Deloitte, 2018; International Labour Organization [ILO], 2016; 

United Nations, 2015). 
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To maintain sustainable conditions throughout extended working life, 

organizations invest in various physical and mental development programs, but 

such programs typically lack the capabilities to support employees individually and 

measure the subsequent impact (Aura et al., 2016; McCleary et al., 2017). 

Therefore, instead of occasional or periodic surveys, the organizations are looking 

for more frequent and acceptable solutions to measure stress and well-being trends 

to provide personalized improvement services to their employees (Deloitte, 2018). 

To this end, recent development in sensor-based technologies can facilitate 

automated monitoring of individual well-being and stress, aiming to assist people 

better and, preferably, in a timely manner (Alberdi et al., 2016; Hung & Picard, 

2016). 

Work stress is influenced by multiple psychosocial and physical factors, such 

as shortcomings in the work environment (Michie, 2002; Vischer, 2007). It has also 

been shown that lower perceived work stress and higher perceived air quality, 

thermal comfort, noise, and light quality are related (Thach et al., 2020). Therefore, 

monitoring the environmental conditions can provide complementary information 

on the prevailing circumstances affecting employees’ stress levels. Moreover, stress 

is individually manifested in human behavior (Ellis et al., 2006), and changes in 

human motion can reflect the degree of work stress. In recent years, physiological 

and behavioral sensor data have shown a high potential for objective stress 

detection in laboratory studies, but methods developed in short-term controlled 

experiments often face additional challenges in authentic settings (Kusserow et al., 

2013; Smets et al., 2019). Work stress is such a complex phenomenon that it is 

essential to cover as many affecting factors and reflecting reactions as possible; a 

single measurement is rarely enough. Furthermore, in terms of psychology, the 

ecological validity of new stress assessment techniques should be evaluated with 

real-life longitudinal data. 

When considering the work stress assessment, user acceptance is a critical 

factor in developing and implementing sensor-based stress detection technologies 

in the work context. In order to deploy the continuous work stress monitoring 

concept for broader adoption, it is essential to understand whether employees 

accept sensor-based stress detection. Previous studies have investigated the 

intentions of employees to use wearable technology to measure well-being at work 

(Choi et al., 2017; Jacobs et al., 2019; Kim & Shin, 2015). However, less is known 

about how knowledge workers perceive stress detection technologies, which 

technologies are most privacy-safe, and whether they are willing to share stress-
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indicative data for the goal of sustaining well-being at the individual and 

organizational levels. 

Being able to deploy research results as practical applications is essential in 

order to achieve maximum benefit to society. To reach this goal, there are several 

requirements to meet, such as protecting employee privacy, minimal interference 

with work tasks, and low maintenance effort. Furthermore, stress monitoring 

solutions should be cost-effective, reliable, and suitable for different types of 

natural work settings. The approach of embedding unobtrusive sensors within the 

workspace has the potential of fulfilling several of the deployment requirements by 

allowing the passive extraction of data, and freeing up the employee to conduct 

daily activities without interference from the measurement system. In order to 

address the scientific research problems and the applicability of the results, this 

dissertation focuses on the feasibility and evaluation of novel methods to assess the 

individual knowledge workers’ stress conditions. The research is executed by 

conducting long-term field experiments with unobtrusive environmental sensors 

embedded in actual workplaces, measuring authentic daily activities. 

1.2 Objectives 

To date, the work on automated assessment of work stress is far from complete. 

Physiological and behavioral sensor data enables the potential for continuous stress 

detection, but there are challenges concerning the effort required from the user and 

the sufficiency of available measured and valid information to build on. Moreover, 

stress is perceived differently among individuals, and thus adapting to personal 

characteristics is most likely required. The foremost challenges in actual real-life 

work stress detection are the obtrusiveness of the data acquisition system, including 

maintenance, interference with daily activities, and privacy issues. The related 

research indicates the lack of longitudinal trials in which stress factors and context 

are not controllable. The reliability of stress detection methods in natural settings 

leaves room for improvement, and there is limited information available on 

employee acceptance. This dissertation aims to extend the available measured 

stress information space with respect to the state of the art. The purpose is to 

examine new sources that provide stress-related information, in addition to the 

existing ones, such as wearables and smartphones. 

The objective of this dissertation is to study the applicability of 

environmental sensor data for continuous work stress assessment of employees 

in a knowledge work context with long-term real-life experiments and an online 
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survey. The scientific starting point was to find out whether it is possible to use 

indoor environmental quality (IEQ) and human motion sensors embedded in the 

work environment to assess an employee’s stress.  

 Work stress is a complex phenomenon influenced by various psychosocial and 

physical factors. For example, elevated carbon dioxide (CO2) levels in the 

workspace can cause stress (Satish et al., 2012). Therefore, monitoring the work 

environment can provide information on prevailing environmental conditions, 

which may induce stressed behavior. On the other hand, humans under stress can 

possibly affect their surroundings, for instance, by moving or breathing differently 

from normal. Thus, monitoring environmental changes can reflect the deviating 

behavior and reveal clues about the stress state. Accordingly, the thesis base 

assumption is that assessing work stress based on IEQ and human motion data 

could be possible, although causal relationships are unknown and not 

straightforward. Therefore, the main research questions are formulated as follows: 

 

RQ1. How can work stress be assessed continuously and over the long term 

using unobtrusive sensors embedded in the real knowledge work 

environment? 

 

This question strives to answer how IEQ and human motion sensor data 

can be employed to measure and classify knowledge workers’ person-

dependent perceptions of high or low stress. Moreover, the aim is to 

examine the feasibility of a multi-sensor monitoring system for continuous 

stress assessment in long-term and real-life use. 

 

RQ2. How accurately is it possible to assess perceived work stress with IEQ and 

human motion sensor data? 

 

In order to evaluate the proposed stress monitoring system quantitatively, 

this question attempts to study how accurately empirical IEQ and human 

motion sensor data can be used to detect knowledge workers’ person-

dependent perceptions of high or low stress. In addition, previous studies 

have indicated that work stress and productivity are linked. Thus, the 

performance of assessing person-dependent perceptions of high or low 

productivity is also examined. 
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RQ3. How do knowledge workers perceive unobtrusive stress detection 

technologies and sharing stress data in the work context? 

 

With this question, the feasibility of the unobtrusive stress approach in a 

knowledge work context is investigated by studying employee acceptance 

of selected monitoring technologies via an online survey. Second, it 

theoretically and empirically examines knowledge workers’ interest in 

sharing their stress-indicative data collected with unobtrusive sensors to 

sustain well-being in the work context. Third, user acceptance from an 

organizational viewpoint is studied by interviewing a limited focus group 

of managers. 

 

The broader goal of this dissertation is to promote a sustainable work culture by 

facilitating the adoption of unobtrusive and affordable technologies for 

continuously assessing employees’ stress conditions in various work environments. 

1.3 Scope 

In addition to the research questions and objectives defined above, the research 

scope is explained and focused on further in this section. This dissertation 

contributes to data-driven technical solutions for assessing the individual 

employees’ stress conditions by conducting long-term field experiments that 

employ IEQ and human motion data obtained from unobtrusive sensors. The 

selected machine learning approach is based on person-dependent adaptation. 

Specifically, the focus is on techniques that can be used continuously and over long 

periods without influencing employees’ everyday work routines. The primary 

application context of this dissertation is knowledge-intensive organizations, or 

more specifically, researchers and educators. 

This dissertation is highly interdisciplinary, and it combines the application of 

internet of things (IoT) technologies, data analytics, and psychological perspectives 

on work stress research. Stress can be divided into negative (distress) and positive 

(eustress), depending on whether the stress exceeds the individual’s tolerance and 

is perceived as negative and burdensome (Selyé, 1976). In general, stress is often 

referred to as prolonged and detrimental stress, and this study also concerns the 

stress experienced negatively. Moreover, the focus is on measuring the physical 

work environment and employees’ behavioral changes associated with self-

assessed stress (see Figure 1). The evaluation of physiological and cognitive 
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responses is beyond the scope of this dissertation. Although user-centric factors are 

not used as input variables, the individual characteristics of the stress are considered 

by modeling the knowledge worker’s work stress in a person-dependent way. 

Fig. 1. Scope of the research (Modified from Alberdi et al., 2016; Carneiro et al., 2012). 

The primary sources of measured stress-related information in this dissertation are 

environmental sensors, which do not interfere with normal daily performance. The 

focus is specifically on measuring the user via unobtrusive environmental sensors, 

which here refer to unnoticeable, privacy-safe, and affordable sensors, such as IEQ 

and human motion sensors, installed in the work environment and utilized with 

minimal maintenance effort in the long term. The aim is to enable passive extraction 

of data without user attention and which frees up the user to perform daily activities 

without disturbances caused by the monitoring system. Avoided disturbances 

include wearing, charging, and loss of privacy. Thus, physiological sensors, 

smartphones, computers, and video cameras are not the main focus of this 

dissertation, although these are valid and complementary candidate modalities for 

collecting stress information. 

Overall, finding as many feasible modalities for gathering information about 

stress as possible is important, since more information is likely to enable better 

detection accuracy. This dissertation contributes to novel stress detection 

modalities previously not studied in the literature. New sources of stress 
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information comprise passive infrared (PIR) and IEQ sensors, including but not 

limited to CO2, relative humidity, and temperature. Furthermore, the feasibility of 

the unobtrusive stress approach in a knowledge work context is examined by 

studying employee acceptance of selected monitoring technologies via an online 

survey and focus group interviews. 

1.4 Publications, research contributions and the author’s role 

This dissertation is based on the publications resulting from research work 

conducted at VTT Technical Research Centre of Finland Ltd. between 2016 and 

2021. Three of the original publications are published in international peer-

reviewed journals and two in international peer-reviewed conferences.  

Publication I introduces a privacy-safe and cost-effective IEQ monitoring 

system to collect and process IEQ data using commercial sensors, and evaluates 

the monitoring system by collecting a dataset with three and a half months’ worth 

of data (second dataset). The IEQ monitoring system is considered feasible to 

deploy in a school environment. The author was responsible for conceptualization, 

methodology, investigation, and writing. Co-authors Jani Koivusaari, Pauli 

Räsänen, Jari Rehu, and Jussi Ronkainen contributed to designing the multi-sensor 

monitoring system and implemented it. Co-author Dr. Elena Vildjiounaite 

contributed to the methodology and performed the data classification. Other co-

authors engaged in data collection and software development. 

Publication II presents a further implementation of the privacy-safe and cost-

effective IEQ monitoring system and evaluates it in an office environment by 

collecting a dataset with seven months’ worth of data (third dataset). The objective 

of the publication is two-fold: first, to collect a longitudinal dataset, and second, to 

investigate how Support Vector Machine (SVM) classifier and IEQ data can assess 

the individual perceptions of knowledge workers regarding work stress and 

productivity. The empirical results evaluate the applicability of IEQ sensor data and 

machine learning to classify perceived work stress and productivity on a daily level 

with indicatively good accuracy. The author was responsible for conceptualization, 

methodology, investigation, statistical data analysis, writing, and supervision. Co-

author Dr. Elena Vildjiounaite performed the data classification and visualizations. 

Other co-authors contributed to the data collection and software development. 

Publication III proposes an unobtrusive personalized work stress detection 

based on longitudinal human motion (depth sensor) data and unsupervised training 

of Hidden Markov Models (HMM) that does not require data labeling efforts from 
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end-users. In the experiments with real-life depth sensor data of knowledge workers 

collected over ten months (first dataset), the proposed system achieves good 

accuracy in assessing stress on a daily basis and high accuracy in assessing stress 

monthly using novel characteristics of motion trajectories indicative of stress. 

Moreover, the publication provides insights into the psychology of real-life work 

stress based on self-reported explanations of employees during the experiment. The 

author contributed to conceptualization (theoretical knowledge of real-life stress), 

investigating specifics of real-life work stress, and writing. Co-author Dr. Elena 

Vildjiounaite was responsible for conceptualization, methodology, investigation, 

experimental analyses, and writing. Co-author Ville Huotari implemented the 

motion tracking system, and other co-authors contributed to the conceptualization 

and software development. 

Publication IV investigates how SVM classifier and human motion (PIR) data 

can assess the individual perceptions of knowledge workers regarding stress and 

productivity. The experimental results suggest the applicability of PIR sensor data 

and machine learning to classify perceived work stress and productivity on a daily 

basis with indicatively good accuracy. Moreover, user acceptance of continuous 

stress monitoring from an organizational viewpoint is studied by interviewing a 

limited group of managers. The author, together with co-authors Dr. Elena 

Vildjiounaite and Dr. Julia Kantorovitch, was responsible for conceptualization and 

writing. In addition, the author accounted for the designing and collection of sensor 

and self-report data. Co-author Dr. Elena Vildjiounaite was in charge of the 

methodology, data classification, and focus group interviews. Other co-authors 

were involved in data collection and software development. 

Publication V provides insights into how knowledge workers perceive 

different monitoring technologies and whether they are willing to share stress-

indicative data in order to sustain well-being using an online survey. The results 

reveal that knowledge workers are very interested in employing sensor-based stress 

monitoring technologies to measure their work stress levels. Furthermore, the 

results show that privacy concerns do not apply to the willingness to use 

environmental sensors. The author was in charge of conceptualization, 

methodology, investigation, statistical analyses, visualizations, and writing. The 

co-authors engaged in conceptualization, reviewing, and editing. 

This dissertation is based on the results of three international research projects: 

ECSEL SCOTT, ITEA ESTABLISH and ITEA Mad@Work, funded by the 

European Union, Business Finland, and VTT Technical Research Centre of Finland 

Ltd. Before starting the abovementioned project continuum, the author participated 
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in a Tekes-funded (nowadays Business Finland) PASTIME project in which 

unsupervised stress detection methods based on smartphone usage and wearable 

data were developed between 2014 and 2015. The supplementary publications VI, 

VII and IX resulted from that work. The author was responsible for the project 

administration and contributed to conceptualization, investigation, methodology, 

statistical analysis, and writing. The practices and developed methods for 

continuous smartphone-based stress detection were later utilized to design depth 

sensor-based stress detection and first resulted in Publication VIII, a partially self-

funded work by VTT. Following the smartphone-based stress detection, the author 

had a major role in funding acquisition, project coordination, management, and 

execution of ESTABLISH (€800,000), SCOTT (€980,000), and Mad@Work 

(€1,700,000) projects, which resulted in original Publications I–V. 

1.5 Research approach 

The research process applied in this dissertation includes a literature review, 

empirical data collection, and evaluation. Specifically, a narrative literature review 

with scoping review elements is applied to establish the context for research, clarify 

concepts, and identify knowledge gaps (Stratton, 2019). This interdisciplinary 

dissertation approaches its objectives by investigating empirical datasets to assess 

work stress employing quantitative analysis of environmental sensor data and 

subjective questionnaire data. Moreover, a quantitative approach is applied to 

understand how candidate end-users perceive stress detection technologies and 

personal sensor data sharing in a knowledge work context. Figure 2 summarizes 

the research methods, the contributions of each publication, and theories as a 

knowledge base. The dissertation and included publications are based on four 

empirical datasets gathered in three different research projects conducted at VTT 

Technical Research Centre of Finland Ltd. 
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Fig. 2. Overview of the research approach. 

The first empirical dataset (Publication III) consists of depth sensor data and 

weekly-based questionnaire data collected among four of VTT’s knowledge 

workers for ten months in 2017/2018. The second dataset (Publications I and II) 

consists of IEQ sensor and self-reported data for 18 weeks and the Big Five 

inventory questionnaire from four elementary school teachers in northern Finland 

collected in fall 2018. The third dataset (Publications II and IV) comprises IEQ 

sensor and self-reported data for 3.5 months to 7 months, and a Big Five inventory 

questionnaire from 23 knowledge workers in fall 2018 and spring 2019. The fourth 

empirical dataset (Publication V) is based on an online survey implemented using 

the Internet and Questback survey tool in spring 2020. Respondents were 

knowledge workers in Europe, and 181 acceptable responses were returned. The 

evaluation of the research results is founded on quantitative data analyses. The data 

analyses of the field studies apply personalized stress assessment based on 

supervised training of SVM in Publications I–II and IV and unsupervised training 

of the customized HMM in Publication III. The analyses in Publication V include 

descriptive statistics and structural equation modeling (SEM). The details of 

methods used to collect and analyze datasets are described in Publications I–V. 
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1.6 Outline of the dissertation 

This dissertation has been written as a compilation thesis on the basis of 

Publications I–V, which have been published in scientific international peer-

reviewed journals and conference proceedings. The remaining part of the 

dissertation is structured as follows. Chapter 2 introduces the theoretical 

background, context, and concepts for research and describes previous studies of 

stress assessment conducted in the laboratory and real-life environments. The 

empirical data collection, stress assessment methods, and the results of quantitative 

data analyses evaluating the research contributions are presented in Chapter 3. 

Chapter 4 answers the research questions directly and summarizes the comparison 

of research contributions with the related work. Moreover, the reliability and 

significance of the findings are discussed, and an outlook for future work is 

provided. Finally, conclusions are provided in Chapter 5. 
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2 Literature review 

This dissertation employs a narrative literature review with scoping review 

elements in order to establish the context for the research focus, clarify concepts, 

and identify knowledge gaps (Stratton, 2019). The literature review gives an 

overview of the theoretical background of work-related stress and available 

methods for stress assessment. Each sub-topic in stress assessment has relevant 

enabling techniques to introduce and review, even though the emphasis is on real-

world studies. Moreover, the theoretical background of user acceptance is 

examined. 

2.1 Work-related stress  

2.1.1 Definitions and concepts 

The concept of stress has many different definitions in science and colloquial 

contexts. Depending on the discipline, the term “stress” has been considered as an 

environmental factor affecting an organ (biology), a reaction (physiology), and a 

negatively perceived factor or situation (psychology). However, the former 

approaches have ignored the interactions between the individual and their various 

environments, and hence, the variants of psychological approaches dominate 

contemporary stress research (Cox et al., 2000) 

Selyé (1976) was the first to describe stress as “the nonspecific response of the 

body to any demand upon it” (p. 137). The onset of stress requires a stimulating 

factor, i.e., a stressor or stress factor, referring to an external condition or event 

causing stress. Stress response, in turn, denotes a physiological, psychological, or 

behavioral reaction to a stress factor that can have an impact on a person’s mental 

or physical health and well-being. Several different stressors can trigger the same 

response. Besides, Selyé introduced the terms “distress” and “eustress” in order to 

distinguish between negative and positive emotions (Le Fevre et al., 2003; Selyé, 

1976). 

An established definition of Lazarus and Folkman (1984) describes stress as 

an imbalance between external forces or loads and an individual’s capability to 

cope with those external forces. It is noteworthy that stress factors and responses 

are highly individual because people differ in their genetic traits, such as personality, 

influencing the nature and severity of stressor experiences, the intensity of stress 
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response, and coping styles (Bolger & Zuckerman, 1995; Lazarus, 1993). In 

particular, stress can be defined as an individual’s perception of the environment 

and their physiological and behavioral reactions (McEwen, 2012). Consequently, 

stress is thought to arise when an individual perceives that the environment’s 

demands exceed their own resources (Cohen et al., 2007). 

Work-related stress is determined by various psychosocial and physical factors, 

such as organizational culture, working conditions, work design, role definition, 

and social relations, which are experienced in different ways at the individual level 

(Cooper & Marshall, 1976; Kivimäki et al., 2019; Michie, 2002). For instance, 

employees may be burdened by rapidly changing working lives, intensifying 

competition, increasing information technology use, workload, and organizational 

changes (Kivimäki et al., 2019). This dissertation follows the International Labor 

Organization’s definition concerning work-related stress as a “harmful physical and 

emotional response caused by an imbalance between the perceived demands and 

the perceived resources and abilities of individuals to cope with those demands” 

(ILO, 2016, p. 2). Therefore, the focus of this dissertation is on negatively 

experienced work stress over the longer term. 

2.1.2 Theoretical approaches explaining work stress 

Currently, two psychological approaches are leading the field of contemporary 

theories explaining work-related stress. Interactional theories focus on the 

structural features of interaction between the person and their work environment, 

while transactional theories are primarily related to psychological processes 

concerned with cognitive appraisal and coping (Cox et al., 2000). 

Karasek’s (1979) interactional job demand-control model describes how the 

psychosocial features of work influence employee well-being. According to this 

model, mental strain (i.e., work stress) results from the interaction of psychological 

demand and an employee’s control or decision latitude. Psychological demand is 

related to workload and pace, task difficulty, and conflicts at work, whereas control 

latitude refers to the autonomy in executing tasks, including pace and creativity. 

Harmful responses such as fatigue, fear, and depression become activated when the 

psychological demands of work are too high and the employee’s control over work 

tasks is low (Karasek & Theorell, 1992). However, the job demand-control model 

has been criticized for being too simple and ignoring the moderating effect of social 

support on the main variables (Van Der Doef & Maes, 1999). Thus, the model was 

extended to cover social support, resulting in a demand-control-support model, 
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where social support refers to the overall level of supportive social interaction in a 

work organization (Johnson & Hall, 1988; Van Der Doef & Maes, 1999). According 

to Van Der Doef and Maes’s model (1999), employees who experience high work 

demands combined with low control opportunities and poor social support are at 

most risk of work stress. In general, greater control (i.e., autonomy) and social 

support at work are associated with greater employee satisfaction and self-esteem 

(Cox et al., 2000). 

Siegrist’s transactional model of effort-reward imbalance explains stress 

effects as a disparity between effort and reward at work (Cox et al., 2000; Siegrist, 

1996). In this model, two effort sources are distinguished: an extrinsic source 

indicating the work demands, and an intrinsic source indicating employee 

motivation. Furthermore, rewards are essential in three dimensions: financial 

compensation, socio-emotional reward, and status control (i.e., position and career 

development). Contrary to the demand-control model, it is expected that 

personality is able to influence the interaction between effort and reward (Siegrist 

et al., 2004). Therefore, an imbalance that is adverse to health is assumed to arise 

when demanding work is combined with low work rewards. 

As an alternative to former theories explaining work stress due to work 

demands without considering physical and emotional demands, Demerouti et al. 

(2001) developed a job demand-resource model. This model describes work strain 

and motivation resulting from the interaction between work demands and work 

resources (Bakker & Demerouti, 2007). Work demands refer to physical, 

psychological, social, and organizational facets that require sustained physical 

and/or psychological effort (e.g., high pressure, unfavorable environment, and 

emotionally demanding interactions) and may lead to exhaustion (burnout) without 

adequate recovery (Bakker & Demerouti, 2007; Meijman & Mulder, 1998). Work 

resources pertain to physical, psychological, social, or organizational facets that 

forward goal achievement, reduce work demands and the associated costs, or 

invigorate personal learning and development (e.g., pay, career opportunities, role 

clarity, task significance, autonomy) (Bakker & Demerouti, 2007). 

Additionally, frameworks summarizing the work stress process on the basis of 

work stress theories and studies have been proposed. For example, the framework 

developed by Cooper and Marshall (1976) depicts the process starting from the 

sources of work stress, individual characteristics influencing the stress response 

(e.g., personality, experience, tolerance for ambiguity, and extra-organizational 

factors such as the situation in life), proceeding with acute symptoms of work-

related ill health, and finally resulting in the chronic disease phase with physical or 
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mental illness. This framework also explores stress factors arising from the physical 

work environment that may directly mediate the effects of health and induce stress 

experiences, such as noise, elevated CO2 levels, or high temperature (Cox et al., 

2000). A later version developed by Palmer et al. (2001, 2003) starts from potential 

stress factors employees may experience at work, followed by individual and 

organizational symptoms, and outlines the adverse health outcomes from the 

perspectives of individuals and organizations inducing financial losses (see Figure 

3). 

Fig. 3. Model of work stress (Modified from Cooper & Marshall, 1976; Palmer et al., 2003). 

2.1.3 Relationship between work stress and productivity 

The literature explores several effects of stress, which may be of more direct 

concern to organizations. Frequently cited effects are impaired work performance, 

reduced motivation and work satisfaction, absenteeism, and presenteeism (Cox et 

al., 2000; De Jonge et al., 1999; Edwards et al., 2007; Van Der Linden et al., 2005; 

Vuori et al., 2014). Presenteeism denotes that the employee arrives at work but 

performs inadequately due to stress (Gosselin et al., 2013). An EU-funded project 

carried out by Matrix has estimated that the cost of work-related mental stress 

resulting from absenteeism and presenteeism was 272 billion euros and loss of 

productivity 242 billion euros in 2013 (Matrix Insight, 2013). 
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Despite the beneficial characteristics, such as a high level of control, flexibility, 

and autonomy of knowledge work, strain and frustration experienced by knowledge 

workers are often caused by the lack of social structures and management or 

organization (Ipsen & Jensen, 2012). Previous studies have shown that work 

productivity is strongly affected by stress and satisfaction; increased stress leads to 

reduced productivity, whereas increased satisfaction leads to increased productivity 

(Donald et al., 2005; Halkos & Bousinakis, 2010). According to a cross-sectoral 

study by Donald et al. (2005), psychological well-being has the most decisive 

impact on productivity. The objective measurement of employee productivity, 

especially across various occupations, is challenging since the measurements are 

not comparable. Nonetheless, there is evidence that self-reported productivity 

comparing recent performance with an employee’s typical productivity levels 

correlates with objectively measured productivity (Donald et al., 2005; Hurst et al., 

1996). 

2.1.4 Summary 

Stress can be defined as a psychological state reflecting the interaction between an 

individual and their work environment. Theoretical approaches determine work 

stress resulting from the imbalance between work demands and resources and the 

employee’s capability to cope with work demands. The work stress process is 

influenced by a variety of physical and psychosocial factors, including work 

context (e.g., organizational culture, role ambiguity, decision latitude, relationships, 

and work environment), work content (e.g., task design, workload, pace, work 

schedule), and personal characteristics (e.g., personality, stress experience, and 

coping skills). 

Although the work life of knowledge workers can be considered independent 

and stimulating, it also has its characteristics, such as high intensity, lack of social 

support, and organization of work, inducing frustration and stress. Moreover, work 

stress contributes to a wide range of adverse outcomes at individual and 

organizational levels, including decreased productivity. Henceforth, it is justifiable 

to conclude that work stress is a complex and multidimensional research topic, but 

recognizing, controlling, and containing stress is crucial for the sustainable work-

life well-being of individual employees, organizations, and society. 
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2.2 Machine learning principles for pervasive data 

Originating from Weiser’s vision of “calm computing” (Weiser, 1991) and recent 

developments in everyday environments equipped with sensor devices, pervasive 

data science “[focuses] on the collection, analysis (inference) and use of data 

(actuation) in pursuit of the vision of ubiquitous computing” (Davies & Clinch, 

2017, p. 50). As a part of pervasive data science, applications based on pervasive 

sensor data and machine learning techniques have been envisioned to address 

mental health problems and optimize physical environments individually (Davies 

& Clinch, 2017). 

Machine learning is a subset of artificial intelligence defined by Mitchell (1997) 

as the study of “how to construct computer programs that automatically improve 

with experience” (p. xv). In general, machine learning refers to a system’s ability 

to learn and predict from data without being explicitly programmed. One of the 

typical engineering applications of machine learning is pattern recognition, which 

Bishop (2006) has defined as “the automatic discovery of regularities in data 

through the use of computer algorithms and with the use of these regularities to 

take actions such as classifying the data into different categories” (p. 1). 

As depicted in Figure 4, the generalized machine learning pipeline starts with 

data collection, followed by a preprocessing phase, which involves cleaning (e.g., 

removing gaps or outliers) and formatting data into a usable dataset. Typically, the 

dataset is split into separate training and test sets; the former is used to select the 

features and train the model, and the latter to evaluate the model, i.e., estimate test 

error. The feature extraction and selection phase combines the input variables as 

the most relevant properties for detecting the target variable. Next, the model is 

trained using the selected algorithm and the training data. Following this, the 

evaluation is performed using the test data to estimate the portion of all possible 

observations misclassified by the deployed model. After the model has been created, 

an error assessment is conducted to verify that the model represents the real data 

(Bishop, 2006). 
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Fig. 4. Machine learning pipeline. 

2.2.1 Pervasive data 

Advancements in data collecting technology have enabled continuous monitoring 

of the physical environment with sensors and actuators that generate vast amounts 

of data, called pervasive data (Davies & Clinch, 2017). In modern machine learning 

systems that operate based on large amounts of pervasive data collected 

continuously from various sources with different sampling rates, data types, and 

data consistency, the complexity is high and the importance of data quality is 

emphasized. 

  In learning and adaptive applications, the success of the result is defined 

primarily by the data. High-quality data can produce high-quality results. The data 

is required to be descriptive of the target phenomenon and the target classes under 

study to be able to train a useful and sufficiently descriptive model. In multi-sensor 

data collecting, the data may be gathered with a higher sampling rate than the target 

phenomenon, and extensive preprocessing could be required to increase the 

descriptive quality of the data. Moreover, it is essential to measure the information 

about the target phenomenon as comprehensively as possible. The data abstraction 

level is increased further by extracting representative features from the 

preprocessed data. Features extracted from the data should reflect the mechanism 

for detecting the target variable, such as the feature types that are related to the 

stress experienced by a person. 

2.2.2 Classification 

Machine learning algorithms can be divided into three high-level categories: 

supervised, unsupervised, and reinforcement learning. This dissertation focuses 

primarily on supervised and unsupervised approaches. In supervised learning, a 
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target category (e.g., stress level) is provided for each observation in training data. 

The goal is to estimate a target function f that maps input variables x ∈ ℝnxp to 

target variable y ∈ ℕnx1 while minimizing error e = f(x) – y and then use function 

f(x) to predict the category for new observations. A typical predictive method for 

categorical target variables (e.g., stress level) is classification. Since the correct 

categories are known, a quantitative evaluation of the model is possible. However, 

in real-life studies obtaining adequate data labeling in terms of quantity and quality 

is challenging. Therefore, unsupervised learning aims to find function f(x) without 

explicit target variable y by clustering the input data or associating rules that 

describe the data. Although this approach does not require labels for training, the 

quantitative evaluation of the model requires the reference to the correct output. 

Literature provides dozens of viable machine learning algorithms to apply for 

a variety of problem types, and most of them are also suitable for stress detection 

use cases based on pervasive data. The specific algorithms selected for this 

dissertation are SVM and HMM, which are briefly described here as an 

introduction. 

SVM (Cortes & Vapnik, 1995) develops a line or a hyperplane that separates 

the data into classes by maximizing the margin between the hyperplane and the 

closest data points. If the data is not linearly separable, the SVM algorithm can 

apply nonlinear mapping to represent data in a higher-dimensional space and soft 

margin, which allows some data points to locate incorrectly. SVMs are suitable for 

high-dimensional data by providing memory-efficient models and a fast prediction 

phase. However, SVM is sensitive to the choice of the softening parameter, and 

results do not have a direct probabilistic interpretation (Burges, 1998; Cortes & 

Vapnik, 1995). 

HMM (Baum & Petrie, 1966) is a probabilistic graphical model that predicts a 

sequence of hidden variables from an observed set of variables. The advantages of 

HMM algorithms include uncertainty handling, the capability of modeling 

sequences of events, and flexibility. With the probabilistic framework, HMMs can 

handle noise in sensor data and imperfect training data. In the case of 

multidimensional input data, the dimensionality has to be reduced to one before 

applying HMMs (Baum & Petrie, 1966; Duda et al., 2001). 

2.2.3 Evaluation metrics 

Evaluation metrics refer to the measures that permit evaluation, quantifying, and 

understanding the performance of a machine learning model. Standard measures 
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for estimating classifier performance are related to the number of correct and 

incorrect classifier outcomes. Accuracy is calculated as 

 Accuracy
Ntrue classifications

Ntotal classifications
, (1) 

where Ntrue classifications is the number of correct classifications, and Ntotal classifications is 

the number of total classification samples. Even though high accuracy might 

indicate that the classifier is applicable, this may not be the case when the different 

categories are imbalanced (e.g., stress or no stress states). Therefore, a valuable tool 

for quantifying the performance is a confusion matrix (see Figure 5). 

Fig. 5. Example of a confusion matrix for binary classification. 

By using the confusion matrix (Figure 5), the following performance measures can 

be given (N denotes the number of true and false cases): 

– Sensitivity (also known as recall) quantifies how well the actual positive cases 

are detected correctly by equation NTP/(NTP + NFN), 

– Specificity quantifies how well the actual negative cases are detected correctly 

by equation NTN/(NTN + NFP), 

– Positive predictive value (PPV) quantifies how probable it is that the case has 

a positive state when the output is positive by equation NTP/(NTP + NFP), 

– Negative predictive value (NPV) quantifies how probable it is that the case has 

a negative state when the output is negative by equation NTN/(NTN + NFN), 

– Balanced accuracy is the average of the proportion of correctly classified cases 

for each class individually and provides a more proper estimation of overall 

accuracy than accuracy, particularly when the number of cases in different 
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classes differs. For binary classifiers, balanced accuracy is the average of 

sensitivity and specificity. 

Although other classification performance metrics exist, this dissertation provides 

sensitivity and specificity values of predictions that are perhaps the most commonly 

used metrics in the healthcare sector (Tohka & van Gils, 2021). Moreover, those 

metrics are less sensitive to the ratio of different cases than PPV and NPV (Tohka 

& van Gils, 2021). 

2.2.4 Errors and validation 

In practice, it is impossible to measure the performance of a machine learning 

model with absolute accuracy. Whereas confidence interval handles the natural 

random variation in the observations, other sources of error should also be 

considered (Tohka & van Gils, 2021). According to Tohka and van Gils (2021),   a 

possible error may be due to the lack of a gold standard, referring to the fact that 

the absolute state of a human may not be known. For example, measuring scales 

for stress is not absolute, even though some scales are generally accepted for 

practical use (Tohka & van Gils, 2021). Moreover, subjective evaluation of a state 

is always a potential source of bias. Hence, performance estimates using subjective 

assessment scales include uncertainty. Another significant source of error arises 

from the limited amount and quality of data, referring to data containing noise, and 

missing, inconsistent and erroneous values. Furthermore, the error can result from 

the limited representativeness of the data for the target application (Tohka & van 

Gils, 2021). For instance, when data collection is conducted in one work 

organization, the developed model does not necessarily perform in another 

organization or country (Tohka & van Gils, 2021). 

When training a machine learning model, the intention is to find a general 

model that can predict the target variable with sufficient accuracy, both for training 

and test data, while it also performs well in the context of the target application. 

The ability of the model to categorize new observations correctly is known as 

generalization (Bishop, 2006). Nevertheless, when the model learns too many 

details from the training data, it can suffer from overfitting. As a result, the model 

works perfectly with the training dataset but not with new or unseen test data. 

Correspondingly, the model suffers from underfitting when the machine learning 

algorithm cannot learn enough details from the training data and does not perform 

sufficiently well when presented with either training or test data. 
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There are two types of error: a training error, referring to the classification error 

for training samples, and a test error, denoting the misclassified samples during the 

test phase. Cross-validation (Kohavi, 1995) is one common technique for 

estimating the test error and assessing the generalizability of the machine learning 

model. In k-fold cross-validation, the training data is split into k smaller folds. Then 

the model is trained using k – 1 folds and tested using the left-out fold. This 

procedure is repeated k times, and the general error estimation can be computed as 

the average of the k models. Leave-one-subject-out (LOSO) is a special kind of 

cross validation, where the test data always corresponds to one subject not included 

in the training data. It should be noted that cross-validation does not entirely 

guarantee solving the potential problem of excess training (Nadeau & Bengio, 

2003). In this context, the possible bias can be mitigated by exploring methods for 

error analysis. Examples of these methods include random labeling, evaluation of 

error distributions, or the evaluation of the correlation of the error against spurious 

variables, among others. In this dissertation, the primary error correction method 

used was based on random labeling, meaning that the target classes were randomly 

labeled, while the data and the process were otherwise the same, and the results 

were then compared with the original classification accuracies. 

2.3 Overview of methods for continuous stress assessment 

As discussed before, the mechanism behind work stress is complex and is 

influenced by various psychosocial and physical factors. Both environmental 

conditions and human behavior are linked with stress and can be measured using 

environmental sensors. Monitoring the work environment can provide these pieces 

of information and reveal clues about the stress state. 

The effects of stress manifest in subjective experience, physiology, behavior, 

and cognitive function in everyday life. Psychological responses include emotions 

and mood, and physiological responses refer to characteristic patterns of 

physiological signals for stress, such as elevated heart rate, respiration, and 

sweating. Behavioral responses include, for instance, facial expressions, voice 

modulations, gestures, postures and cognitive performance or strategy, reflecting 

an individual’s emotions and mental processes (Zimmermann et al., 2003). 

Psychological and physiological stress evaluation methods are briefly 

reviewed in this section, but the primary focus is on previous studies concerning 

stress detection using behavioral and environmental data. In addition, weight is put 
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on real-world field studies whenever possible to assess the ecological validity of 

the stress detection methods. 

2.3.1 Ways of estimating ground truth 

Unfortunately, stress research is hindered by the lack of a gold standard, i.e., a 

widely accepted objective stress index. This lack complicates the measurement of 

ground truth and proper stress assessment, especially in real-life studies. Primarily, 

training a supervised machine learning model requires ground truth labels, and the 

classification accuracy of the model can be only as good as the reference against 

which its goodness is compared. 

Measuring cortisol levels from saliva is a widely employed biomarker of stress 

in laboratory experiments, and an elevated cortisol level has been proven to be a 

reliable indicator of chronic stress (Hellhammer et al., 2009; Kirschbaum & 

Hellhammer, 1994). Nonetheless, cortisol levels vary significantly as a function of 

time of day and can be affected by daily activities and sex hormones, for example 

(Hellhammer et al., 2009). Moreover, salivary cortisol measurement requires effort 

in terms of the user providing saliva samples regularly and laboratory personnel 

analyzing the samples. 

Heart rate variability (HRV), specifically when decreased, is another well-

accepted objective stress indicator (Castaldo et al., 2015). HRV can be measured 

with different physiological sensors attached to the body of test subjects (e.g., chest 

or wrist), but HRV is sensitive to eating, drinking, caffeine intake, and conversation, 

for instance, making the interpretation of measurements challenging in the field 

studies (Plarre et al., 2011). Thus, real-life HRV measurements include some 

uncertainty. 

Perhaps the most common way of collecting ground truth labels is self-reported 

ecological momentary assessments (EMA) filled in by test subjects during a day 

with specific periods (Schmidt et al., 2019). Widely used validated questionnaires 

for assessing stress and emotions include Perceived Stress Scale (PSS) (Cohen et 

al., 1983; Taylor, 2015) and Positive and Negative Affect Schedule (PANAS) 

(Watson et al., 1988). On the other hand, daily smartphone-based single-question 

self-assessment also seems to be a valid measure of perceived stress (Pórarinsdóttir 

et al., 2019). However, frequent and long-term self-assessments may suffer from 

respondent fatigue. For example, a five-day study of 1002 test subjects with self-

report questionnaires 12 times per day achieved an average compliance rate of 42% 

per test subject (Smets et al., 2018). 
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2.3.2 Psychological assessment 

Currently, work-related stress is most often measured using periodical surveys 

focusing on self-assessment of physiological responses, such as emotions and 

mood, or how stressful an employee perceives their own work. Examples of widely 

used validated surveys explicitly developed for assessing work stress, demands, 

and workload include the Copenhagen Psychosocial Questionnaire (Kristensen et 

al., 2005), Effort-Reward Imbalance (Siegrist et al., 2009), and the NASA Task 

Load Index (NASA-TLX) (Hart & Staveland, 1988). 

Although the importance of these surveys cannot be underestimated due to the 

subjective nature of stress, the validity of self-reported data has sometimes been 

criticized because of negativity skew or “negativity affectivity” reflecting 

individual differences in negative emotions (Watson & Pennebaker, 1989). 

Moreover, the limitations of psychological surveys include infrequency, low 

number of measurements, and the amount of effort required from respondents. It is 

unlikely that employees would be willing to answer multi-question surveys daily 

or weekly in the long run, and hence, the surveys alone are not an adequate method 

for continuous use or detecting daily changes in work stress levels. 

2.3.3 Physiological assessment 

Physiological measurements of stress levels provide objective data and have been 

suggested as a valid alternative to subjective survey data. From a physiological 

perspective, stress factors activate two different stress mechanisms, a 

hypothalamic-pituitary-adrenal (HPA) axis and an autonomic nervous system 

(ANS), inducing stress responses (Lovallo, 2015). When the HPA axis is activated, 

it increases the production of the stress hormone cortisol. In addition, the ANS 

system begins to produce other hormones, such as adrenaline and noradrenaline. 

These hormonal changes increase heart and respiration rate, blood pressure, and 

sweating, which are intended to adapt the human body to stressful challenges 

(Kreibig, 2010; Lovallo, 2015). Multiple sensor modalities can accurately measure 

these changes, assisting in the creation of reasonably accurate stress models. 

However, stress detection is challenged by the fact that stress perception is 

highly subjective, and stress manifestation in sensor data is also distinct to every 

individual (Alberdi et al., 2016; Gjoreski et al., 2015; Hernandez et al., 2011). 

Hence, person-dependent models of stressed behavior usually achieve notably 



42 

higher accuracies than person-independent models, trained using data from many 

individuals (Hernandez et al., 2011; Sano & Picard, 2013; Siirtola, 2019). 

Laboratory (in vitro) measurements 

In clinical applications, stress is measured via hormone levels and non-invasive 

physiological signals to detect changes in the HPA and ANS systems, indicating 

stress response (Alberdi et al., 2016). Typical sensor-based laboratory studies 

follow a carefully designed protocol. Several standardized protocols exist (e.g., the 

Trier Social Stress Test (TSST) (Kirschbaum et al., 1993) or the Stoop task 

(MacLeod, 1992)), but most studies opt for the design of a suitable ad-hoc protocol. 

The variability among the different study designs and the diverse data collection 

protocols and devices make the direct comparison of studies and performance 

difficult. The measurements of the studies include an electrocardiogram (ECG) to 

measure the activity of the heart; electrodermal activity (EDA) or galvanic skin 

response (GSR) to observe changes in electrical properties of the skin, e.g., 

conductance or resistance; electroencephalogram (EEG) to measure brain activity; 

and electromyography (EMG) to detect muscle activity (Giannakakis et al., 2019). 

ECG is one of the most frequently used biosignals and is often employed to 

extract information about heart rate variability (HRV), which is the temporal 

variation between consecutive heartbeats (Acharya et al., 2006). Previous studies 

have successfully used ECG signal-based features to measure stress levels and 

reported over 90% accuracies in binary classification (stress, no stress) using 

different machine learning methods (Cho et al., 2019; Costin et al., 2012; Munla et 

al., 2015). By combining several sensor modalities, even better recognition 

accuracies can be achieved. For instance, different combinations of EDA and ECG-

based features and machine learning have resulted in 100% and 97% reported 

accuracy for a setup including two and three-class classification, respectively, using 

data from 34 students during stress-induced laboratory tests (Pourmohammadi & 

Maleki, 2020).  

Overall, ECG, EDA, EEG, and EMG have proven their reliability and validity 

to measure emotions, fatigue, and stress in various short-term studies in a 

laboratory and in constrained environments (Chen et al., 2017; Giannakakis et al., 

2019; Healey & Picard, 2005; Hou et al., 2016; Palanisamy et al., 2013; Schmidt 

et al., 2018; Wijsman et al., 2013). However, the application of clinical stress 

measurements is limited in real-world use due to the fact that electrodes on the test 
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subject’s head or body can be inconvenient and impractical, and measurements are 

likely to interfere with normal behavior in a natural work environment. 

Real-life (in vivo) measurements 

Even though clinical measurements are unsuitable for continuous use, they have 

encouraged scholars to develop solutions suitable for real-life use (Hung & Picard, 

2016). Recent advancements in consumer electronics have resulted in low-power 

and multifunctional wearable devices, such as sports watches, activity or fitness 

trackers, and clothing, which can measure different physiological signals such as 

heart rate in natural settings (Chan et al., 2012). Commonly used sensor modalities 

measured using wearables are blood volume pulses (BVP) from which HRV can be 

derived; EDA/GSR to monitor changes in electrical properties of the skin; skin 

temperature; respiration; and 3-axis accelerometers to detect motion-based activity 

(e.g., Pärkkä et al., 2006). Regarding stress detection, real-life studies employing 

different combinations of BVP, ECG, EDA/GSR, skin temperature, respiration and 

accelerometer data, and machine learning have achieved a relatively good average 

accuracy of 70% to 84% in binary classification (stress, no stress) for person-

dependent models (Gjoreski et al., 2017, 2016; Hernandez et al., 2011; Hovsepian 

et al., 2015; Kyriakou et al., 2019; Muaremi et al., 2014; Plarre et al., 2011). 

While wrist devices have been found to be more practical than chest belts 

(Adams et al., 2014; Gjoreski et al., 2016), wrist measurements are also susceptible 

to motion and improper device wear (Bakker et al., 2012). When devices are worn 

or otherwise attached to a person, real-world measurements typically produce 

imperfect output data. Perhaps, for this reason, Sano and Picard (2013) did not find 

a significant correlation between the self-reported high stress scores and EDA data 

measured from a wrist-worn sensor. 

A further challenge to overcome is the effort of wearing and charging the 

device, which may lead to the abandonment of the wearable (Sysoev et al., 2015). 

For example, Muaremi et al. (2013) studied the feasibility of daily use of 

smartphones and physiological signals collected at night, but physiological devices 

were perceived as inconvenient, and one third of 35 test subjects stopped wearing 

the device after only one night. Moreover, perceived privacy risks may affect the 

adoption of wearables in long-term use (Gao et al., 2015). However, in this context, 

it is worth noting the rapid development of wrist devices and other wearables during 

recent years. This has resulted in improved overall usability and user acceptance. 

Hence, despite the challenges and shortcomings evident in determining a complex 
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phenomenon, a part of the population is willing to adopt wrist-worn devices, which 

are becoming increasingly popular (Statista, 2021; Publication V). 

Conclusion 

Physiological sensors have a high potential for accurate stress detection and 

provide several benefits compared to other methods, such as the capability of 

measuring various vital body functions requiring close skin contact with the sensor. 

People are eager to use commercially available wrist devices for the various use 

cases they are primarily designed for, despite the privacy issues present in almost 

any networked device or activity. These devices can also be applied to measuring 

stress-related signals. Therefore, it is evident that the mainstream of recent stress 

detection studies has been conducted using a physiological approach that employs 

such wearable devices. 

In the work context, challenges concerning wearing, interference with daily 

activities, and maintenance effort can impact feasibility for continuous real-world 

use. To overcome some of these challenges and provide an additional modality of 

stress measurement, continuous stress assessment based on unattached sensors 

embedded in the environment, measuring behavioral data, is proposed as a 

complementary solution for long-term use in the workplace context. 

2.3.4 Behavioral assessment 

Stress recognition based on objectively measured human behavior has emerged as 

a novel research area (Sharma & Gedeon, 2012). Behavioral data is usually 

measured with either physical or virtual sensors embedded in the environment. 

Commonly studied behavioral patterns include computer and smartphone usage; 

keystroke and mouse dynamics; facial expressions, gestures, postures and 

head/body movements; and speech or voice intonation. The collection and 

quantification of behavioral data must be performed using several complementary 

devices that integrate multiple sensor modalities. 

Laboratory (in vitro) studies 

Keyboard and mouse usage, facial expressions, gestures, postures, and body 

movements have mainly been studied under laboratory or other constrained 

environments. Zimmermann et al. (2003) have shown that analyzing the variation 
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of keyboard and mouse dynamics can provide information on a user’s affective 

state. Thereafter several studies have used keystroke and mouse data, such as typing 

pressure, tempo, motion velocity, and mouse-clicking, for recognizing emotions 

(Epp et al., 2011; Nahin et al., 2014) and stress (Gunawardhane et al., 2013; 

Hernandez et al., 2014; Kolakowska, 2016; Pepa et al., 2021; Rodrigues et al., 2013; 

Vizer et al., 2009). For example, the stress condition of a user has been shown to 

influence typing pressure, timing, language diversity and complexity, and the 

amount of mouse contact in restricted studies (Hernandez et al., 2014; Pepa et al., 

2021; Vizer et al., 2009). 

Behavioral data gathering from keyboard and mouse is convenient as 

additional devices are not required, but gathering data from personal devices can 

pose privacy concerns. However, when monitoring is focused on usage patterns 

(e.g., writing tempo, motion velocity, program categories, duration) instead of 

content (e.g., what is written, what the user clicks on, what programs or applications 

are used), the methods have been evaluated as being notably less threatening with 

regard to privacy (Alberdi et al., 2016; Carneiro et al., 2019). 

Several studies have employed computer vision to investigate body movements, 

gestures, and postures (Aigrain et al., 2015; Koldijk et al., 2018; Nakashima et al., 

2015); facial expressions (H. Gao et al., 2014; Koldijk et al., 2018; Wenhui Liao et 

al., 2006); and thermal changes in the facial area (Engert et al., 2014; Mauriz et al., 

2020; Nhan & Chau, 2010; Nozawa & Tacano, 2009) associated with induced stress 

in constrained conditions. For example, when evaluating temperature of the face, 

the periorbital and nasal areas have shown to be the most indicative feature types 

of stress (Thevenot et al., 2018). In general, computer vision studies have reported 

average accuracy ranging from 77% to 90% in a binary classification of stress using 

the body and face features, such as motion quantity and posture changes (Aigrain 

et al., 2015; Gao et al., 2014; Koldijk et al., 2018). Koldijk et al. (2018) recorded 

three hours of knowledge work performance (making presentations, reading email, 

searching for information) combined with facial expressions via webcam, body 

postures via depth sensor, and physiological sensors in their work-related research. 

They observed that body postures were the most accurate modality, followed by 

facial expressions and motion changes during more demanding tasks in a person-

dependent setup. 

Admittedly, computer vision has shown relatively good accuracy in 

recognizing stress in laboratory environments; however, the real-life application of 

video camera-based detection is constrained due to loss of privacy, which can make 

them an unattractive option from a user perspective (Carneiro et al., 2019). Another 
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more privacy-safe approach to study stress-related posture changes is analyzing 

sitting positions using a pressure-sensitive chair (Arnrich et al., 2010). Arnrich et 

al. (2010) found the variance of movements higher during stressful periods 

congruently to another study (Aigrain et al., 2015) and reported 74% accuracy to 

distinguish stress from the cognitive load in laboratory interventions. 

In summary, posture-based laboratory studies give hints that the quantity of 

motion characterizes stress in a person-dependent manner (Aigrain et al., 2015; 

Arnrich et al., 2010; Koldijk et al., 2018). Nonetheless, studies conducted in the 

laboratory or constrained environments do not represent real-life performance since, 

in laboratories, stress is usually induced by relatively short tasks preceded by a 

relaxation phase. For this reason, it is essential to investigate how different 

behavioral stress assessment methods perform in the real world. 

Real-life (in vivo) studies 

Many real-life stress detection studies have employed data gathered from 

smartphones along with wearables (Muaremi et al., 2013; Sano et al., 2018; Sano 

& Picard, 2013; Publication VI) or smartphones as the only data source (Ciman & 

Wac, 2018; Ferdous et al., 2015; Garcia-Ceja et al., 2016; Gjoreski et al., 2015; 

Maxhuni et al., 2016; Sysoev et al., 2015; Publication VII). The most common way 

to collect ground truth labels for supervised learning has been self-reported EMAs 

filled in by test subjects during a day with specific periods. To date, only a few 

studies have employed unsupervised methods, such as HMM (Publications VI, VII, 

and VIII) and self-organizing maps (Tervonen et al., 2020) that aim to reduce the 

amount of user labeled data, i.e., self-reports from test subjects. 

Sano and Picard (2013) collected psychological survey data (the PSS for 

baseline and self-reported stress level twice daily for ground truth), mobile phone 

(call, short message service, location and screen on/off), accelerometer, and skin 

conductance data from 18 test subjects for five days and conducted a correlation 

analysis to find statistically significant features. They achieved over 75% stress 

classification accuracy of low and high stress perceptions using screen on, mobility, 

calls, and user activity level information as features, whereas the baseline accuracy 

was 87.5% using the psychological surveys. A later experimental study did not 

report the accuracy of stress detection on a daily basis; instead, 201 test subjects 

were categorized into high and low stress groups (Sano et al., 2018). Data was 

collected using validated questionnaires (e.g., Pittsburgh Sleep Quality Index, the 

Myers-Briggs personality test, the Big Five inventory, and the PSS), smartphones 
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and wrist devices, and supervised classifiers were employed to assign each subject 

to one of the above-described groups. The best classifier achieved 73.5% accuracy 

in categorizing low and high stress groups using behavioral features, such as the 

number of naps, studying duration, calls, mobility patterns, and phone-screen-on 

time during the one-month study. 

Muaremi et al. (2013) employed physical activity, audio, and social interaction 

data from smartphones during workdays complemented with nighttime wearable 

HRV data from 35 adults in a longitudinal four-month field study. The ground truth 

labels were collected using the PANAS questionnaire four times per day. 

Combining smartphone and HRV feature types resulted in the best classification 

accuracy of 61% for person-dependent models and 53% accuracy for person-

independent models on a three-level scale (low, moderate, and high perceived 

stress). Bogomolov et al. (2014a) proposed another interesting approach using self-

reported stress, smartphone data (calls, text messages, and Bluetooth proximity), 

weather data, and personality traits. The data was collected from 117 students for 

over six months, and experiments with various approaches achieved the highest 

accuracy of 72% for person-independent binary classification of perceived stress. 

Nevertheless, using audio data from calls and text data from messages is an issue 

from a privacy perspective. A similar approach for predicting next-day stress 

achieved 82% accuracy for person-dependent models using self-reported stress, 

smartphone (calls, SMS screen), physiological (accelerometer, skin conductance, 

and skin temperature), personality, and weather data from 104 test subjects for one 

month (Taylor et al., 2020). 

Collecting privacy-sensitive information, such as calls, messages or videos, 

can reduce user acceptance; therefore, methods based on less sensitive data have 

been developed. Ferdous et al. (2015) were among the first researchers to leverage 

a smartphone as the only data source and assessing self-reported stress levels based 

on application usage patterns. Person-dependent classification into five target 

classes achieved 75% average accuracy based on six weeks’ data from 28 test 

subjects. Another eight-week field study deployed the smartphone’s accelerometer 

in order to avoid concerns that the use of video camera, microphone, and 

physiological data may raise (Garcia-Ceja et al. 2016). When using time and 

frequency-related features extracted from accelerometer data to assess perceived 

stress, the best classifiers achieved an accuracy rating of 71% for person-dependent 

models on a three-level scale. Ciman and Wac (2018) proposed another unobtrusive 

stress detection method based on smartphone gesture analysis (e.g., tap, scroll, 

swipe, and text writing) and self-reported stress as a ground truth. The developed 
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method was tested in a one-month real-life study with 25 test subjects and achieved 

an F1-score ranging between 77% and 80% for a three-class problem using person-

dependent learning. 

Using a smartphone as the only data source does not require any additional 

equipment and has resulted in good stress classification accuracies from 71% to  

75% with different modalities, but continuous data collection may quickly drain 

the battery (Qaim et al., 2020). Instead of smartphones and wearables, the use of 

sensors embedded in the environment can solve the charging challenge. However, 

only a few studies, including audio (Hernandez et al., 2011), computer (Eijckelhof 

et al., 2014) and keyboard/mouse (Carneiro et al., 2015; Pimenta et al., 2015) 

modalities, have collected pervasive data with embedded sensors from uncontrolled 

real-life environments. For example, Eijckelhof et al. (2014) demonstrated that 

employees’ computer usage time was extended when office workers experienced 

stress, even if the working day itself was not extended. Carneiro et al. (2015) found 

correlations between mouse dynamics change and stress perceptions during online 

examinations. Another study pointed out that distraction and fatigue could be 

recognized on the basis of writing and mouse velocity among university students 

(Pimenta et al., 2015). 

The summary of reviewed real-life studies that have reported data collection 

duration, the number of subjects, applied classification methods, and classification 

accuracy is presented in Table 1. Unless otherwise mentioned, the provided average 

accuracies are for person-dependent models. The durations of empirical data 

collections have varied from a few days to six and a half months, and most studies 

have been less than two months long. The direct comparison of the classification 

accuracies is impossible because of different populations, ground truth assessments, 

sensors, type of data, number of target classes, machine learning methods, and 

evaluation approaches of the related work. However, real-life studies employing 

behavioral data from the smartphone and other data sources, such as wearables and 

weather data, have reported classification accuracies over 80% for person-

dependent models, using a wide range of different machine learning algorithms. 
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Conclusion  

Behavioral patterns, such as facial expressions, gestures, postures, and head/body 

movements, have proven to be valid modalities for stress assessment in laboratory 

studies. Specifically, the related literature on postures illustrates that the variance 

of motion can be indicative of stress in a person-dependent way, but real-world 

studies are needed to validate the results. The real-life studies employing behavioral 

data from the smartphone and possibly other data sources, such as wearables and 

weather data, have reported classification accuracy ranging from 60% to 82% for 

person-dependent models. However, when a smartphone is used as a stress 

measurement data source, the information is only available if and when the user 

uses the smartphone. Another challenge is increased battery consumption, 

especially in camera-based approaches (Bordallo López, 2014, 2017). 

Nevertheless, existing stress measurement approaches presented by the 

literature can provide valid assessment outcomes. Ideally, there are multiple data 

sources to collect stress-indicative data from—more information is likely to lead to 

more accurate detection. This dissertation proposes a new approach to assessing 

work stress, facilitating increased accuracy and, as a result, an improved result for 

end-users. The data types proposed in this dissertation can be used as 

complementary sources of stress-related information, enabling continuous 

monitoring of work environment and employee behavior with sustainable usage 

load for long-term application. 

2.3.5 Stress assessment using environmental data 

There has been growing evidence on the fundamental impact of IEQ on employees’ 

health, cognitive performance, and productivity in recent years (Al horr et al., 2016; 

Hygge & Knez, 2001; Kang et al., 2017; Roelofsen, 2002; Wargocki & Wyon, 

2017). In general, IEQ refers to the interaction between physical, chemical, and 

biological factors indoors, such as air quality, temperature, relative humidity, 

luminosity, sound level, and their influence on the quality of life (Steinemann et al., 

2017). 

These environmental factors can negatively affect work stress levels by causing 

discomfort and distracting employees’ attention (Lamb & Kwok, 2016; Vischer, 

2007). Exposure to environmental stress factors appears to impair employees’ 

resilience and coping ability regarding tasks such as text-typing, reading, 
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memorization, and mathematics, typical of knowledge work (Lamb & Kwok, 2016; 

Wargocki & Wyon, 2017). For example, previous studies have reported statistically 

significant decreases in cognitive and decision-making performance at moderately 

increased CO2 concentrations of around 950 to 1000 ppm when compared to a 

target concentration of 550 ppm (Allen et al., 2016; Satish et al., 2012). On the 

other hand, the previous study has found an association between lower work stress 

and higher satisfaction levels of perceived air quality, thermal comfort, noise level, 

and lighting (Thach et al., 2020). Additionally, weather conditions (e.g., hours of 

sunshine, temperature, wind direction, wind velocity, humidity, change in 

barometric pressure, and absolute barometric pressure) may have a direct or 

indirect (affecting individuals sensitivity to stress factors) effect on stress levels, 

having implications for office work (Howarth & Hoffman, 1984). Consequently, it 

is apparent that multiple environmental factors and work stress are linked, even 

though its mechanism is complex. 

Environmental sensors have some associated installation and adaptation costs, 

especially in environments that are constantly prone to changes. However, many 

pervasive environments, such as smart offices, already include a wide range of 

preinstalled IEQ and motions sensors that can be employed to monitor 

environmental factors and employee behavior unobtrusively and ubiquitously 

(Alberdi et al., 2018; Augusto et al., 2013; Aztiria et al., 2010). In fact, applications 

based on pervasive data and machine learning techniques have been envisioned to 

identify mental health problems and optimize indoor environments (Davies & 

Clinch, 2017). However, some previous studies have investigated occupants’ 

behavioral patterns in office environments, primarily focusing on energy efficiency 

instead of stress assessment (Chen et al., 2011; Yan et al., 2015). For instance, PIR 

sensors are mainly used for energy savings, whereas the needs of users within the 

building are often ignored (Jia et al., 2019). Another piece of research suggested 

employing IoT data to classify employees as high and low performers, but this 

approach can be harmful to employee health and detrimental for employers in the 

long term (Mirjafari et al., 2019). To the best of the author’s knowledge, there have 

been no studies that have collected long-term real-life IEQ and motion data and 

used it to assess employees’ perceptions of stress and productivity. 

2.3.6 Summary 

The mechanism behind work stress is complex, but it is known that poor 

environmental conditions can induce stress. On the other hand, people’s behavior 
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can possibly change the environment through their actions. Therefore, monitoring 

the work environment can provide information on prevailing environmental 

conditions causing stress, or environmental changes can reflect the deviating 

behavior and reveal clues about the stress. Thus, it is possible to provide 

complementary stress data by measuring external conditions that can either cause 

or reflect stressed behavior. Stress is such a complex phenomenon that it is essential 

to cover as many contributing factors and reflecting reactions as possible, and no 

single measurement is enough. 

The state-of-the-art review highlighted the specific characteristics of various 

existing methods for acquiring stress information. Due to the subjective nature of 

stress, psychological questionnaires are a valid method of acquiring a snapshot 

overview, but it is not feasible to deploy them repetitively too frequently. 

Physiological sensors have high potential for continuous stress detection, but 

challenges still exist concerning data coverage and user adherence. Many real-life 

stress detection studies have been conducted using smartphones as a data source; 

however, the data is only available in the periods when the users are carrying or 

using it. Another challenge is increased battery consumption, especially in camera-

based approaches. Moreover, collecting privacy-sensitive information, such as calls, 

messages, or videos, can reduce user acceptance. Overall, the existing stress 

assessment methods can be applied as complementary modalities, each 

concentrating on a specific aspect of stress. 

As expressly proposed in this dissertation, the use of unobtrusive sensors 

embedded in the work environment as an additional or standalone data source could 

overcome maintenance and privacy challenges and increase stress detection 

accuracy. Specifically, in a work context, it is essential to disturb the user as little 

as possible while limiting the need for attention and cognitive load required for the 

collection of data to a minimum. Each data collection method has specific benefits 

and drawbacks, which need to be considered according to the work context 

requirements as presented in this dissertation. The research contribution is novel, 

as only a few related studies have collected stress data from real-life work contexts 

to date, and to the best of the author’s knowledge, none of them have used PIR or 

IEQ data for stress assessment. 

Concerning stress classification accuracy, most laboratory and field studies on 

stress recognition have reported higher accuracy with person-dependent classifiers 

than person-independent classifiers that are trained based on the data of many users. 

Personal characteristics, such as age, personality, and stress sensitivity, contribute 

to stress perception and responses. Since each study has a varying population, 
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ground truth estimation, environment setup, length, frequency, sensors, the number 

of target classes, and multiple other differing variables, the results presented in this 

dissertation are not directly comparable to any of the related work and should be 

considered indicative. 

2.4 User acceptance 

Human-Computer Interaction (HCI) is a broad interdisciplinary research area 

focusing on human interaction with information technologies. The origin of HCI is 

in cognitive engineering comprising cognitive science and human factors 

engineering (Carroll, 2013). However, after personal computing became more 

commonplace, HCI research began to emphasize the user perspective and focus on 

non-functional requirements, including usability and maintainability, linked with 

novel technology and applications (Carroll, 1997). Simultaneously, behavioral 

science was incorporated in HCI research, and gradually the focus expanded not 

only to cover user behavior but also other human experiences and activities.  

Behavioral human sciences have introduced several decision-making theories 

in order to conceptualize and understand people’s behaviors, but predicting human 

intentions and actions (e.g., willingness to use technology and share data) is 

challenging. By relying on prior work by Fishbein and Ajzen (1975), who 

formulated the theory of reasoned action, Ajzen (1991) further defined the 

conceptual model to propose the theory of planned behavior (TPB). These 

structural decision-making theories can be considered well-established bases for 

predicting an individual’s behavior. The TPB suggests that an individual’s behavior 

depends on their intention to perform an action, indicated by the individual’s 

attitude toward the behavior, subjective norms, and perceived behavioral control 

(Ajzen, 1991). Previous studies have successfully applied the TPB to predict data 

sharing behavior in different contexts, such as scientific research (Kim & Stanton, 

2016). 

The technology acceptance model (TAM) further extends the TPB and suggests 

explanations for user acceptance and technology usage (Davis et al., 1989). As 

outlined by Davis (1986), the initial conceptual model of TAM is depicted in Figure 

6. TAM justifies users’ motivation with three factors: perceived ease of use, 

perceived usefulness, and attitude toward using the technology in question. The 

user’s attitude is hypothesized to determine whether the user will actually use or 

reject the system. The perceived ease of use and perceived usefulness are defined 

as antecedents to users’ attitude, while perceived ease of use also influences 
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perceived usefulness. Moreover, both perceptions are influenced by the system 

design characteristics. The development of the TAM has resulted in two well-

known extensions, TAM2 (Venkatesh & Davis, 2000) and the unified theory of 

acceptance and use of technology (UTAUT) (Venkatesh et al., 2003).  

Fig. 6. Conceptual model of TAM (Modified from Davis, 1986). 

The TAM2 identifies two categories of antecedents for perceived ease of use: 

anchors and adjustments. Anchors refer to general beliefs about technology usage, 

while adjustments refer to beliefs shaped by the usage experience. Following this, 

Venkatesh et al. (2003) explored different models further and proposed that 

behavioral intention is explained by performance expectancy, effort expectancy, 

social influence, and facilitating conditions, all moderated by gender, age, 

voluntariness, and experience. In particular, the UTAUT model’s performance 

expectancy has been found to be the most vital factor in predicting technology’s 

actual use (Williams et al., 2015), indicating that people are more willing to use 

technology when they believe that the technology helps them. 

TAM and its variants have been widely applied in wearable technology-related 

studies, and their applicability has been confirmed in various work contexts (e.g., 

Choi et al., 2017; Kim & Shin, 2015; Son et al., 2012). However, these models have 

also been criticized, especially for direct intention–behavior linkage and limited 

prediction value of actual system use (Bagozzi, 2007). More specifically, Bagozzi 

(2007) argued that intention might not dictate actual use because the time between 

intention and adoption could include uncertainties and other factors affecting an 

individual’s decision to adopt the technology. In comparison, the UTAUT has been 

found to predict 70% of the variance in behavioral intention and about 50% in 

actual use (Venkatesh et al., 2003). 

Previous studies on technology-aided assessment have illustrated that users 

have concerns regarding cost, reliability, and privacy (Choi et al., 2017; Papa et al., 

2020; Sixsmith & Johnson, 2004). Furthermore, privacy is essential in a work 

context: When individuals perceive that their data will not be used fairly and/or that 
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there will be negative consequences, they will be less likely to use the technology 

(Jacobs et al., 2019; Schall et al., 2018). In other words, individuals with serious 

concerns regarding misuse of their data will seek to minimize their vulnerability by 

refusing to use the technology. On the other hand, personality and other factors may 

contribute to user acceptance (Rupp et al., 2018; Svendsen et al., 2013; Publication 

IX). 

In conclusion, user acceptance of technology relies on HCI research, and 

technology acceptance models have been popular for explaining behavioral 

intention and predicting technology use. In short, a person’s behavior is linked to 

the person’s intentions and motivations. Therefore, more positive attitudes, more 

substantial positive social pressure, and greater perceived control will strengthen 

motivation and intentions. Nevertheless, other factors such as cost, reliability, and 

privacy should also be considered. 

2.5 Summary 

The objective of this interdisciplinary dissertation is to study the applicability of 

environmental sensor data for continuous personal stress detection in a knowledge 

work context with long-term real-life experiments. The literature review examined 

the theoretical background of work-related stress, end-user acceptance, and 

available stress assessment techniques. However, the related research on stress 

detection based on multimodal sensor data has mainly been conducted in laboratory 

setups and with short-term durations, thus lacking ecological validity. Moreover, 

employees’ perceptions of continuous stress monitoring in the work context are still 

not well established in the engineering discipline. 

Managing work stress is a critical aspect of the sustainable work-life well-

being of individual employees, organizations, and society. Work stress is a harmful 

state resulting from the imbalance between work demands and resources and the 

employee’s capability to cope with work demands. In addition, work-related stress 

is influenced by various physical (e.g., IEQ) and psychosocial stress factors, 

personal characteristics, and the experience of stress. Thus, work stress is a highly 

subjective phenomenon, and it is necessary to monitor as many affecting factors 

and reflecting reactions as possible. 

The state-of-the-art review on stress assessment examined techniques based on 

psychological, physiological, and behavioral data. Self-reported stress using 

psychological surveys is generally accepted as a reliable and valid measure but 

cannot be applied too repetitively in continuous use. Thus, more frequent but less 
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burdensome solutions for promptly measuring work-related stress factors and 

supporting employee well-being are required. Although wearable devices have 

demonstrated a high potential for accurate stress detection in laboratory and field 

studies, challenges such as interference with daily activities can impact feasibility 

in work use. To date, the majority of real-life behavioral stress assessment studies 

have employed smartphone data. However, when a smartphone is used as a stress 

measurement data source, the information is only available if and when the user 

uses the smartphone. 

Due to the subjective nature of stress, stress manifestation in sensor data is 

typically distinct to every individual; hence, the majority of laboratory and field 

studies on stress detection have reported higher accuracy with person-dependent 

classifiers than person-independent classifiers. Consequently, stress assessment 

applications should adapt to each person’s individual experience of stress over time. 

Deploying a data-driven approach to assessing work stress continuously and 

building up a supportive work environment calls for employee acceptance. 

Technology acceptance models have been popular for explaining behavioral 

intention and predicting technology use. Nevertheless, the related work 

investigating user acceptance has mainly focused on employees’ willingness to use 

wearables to improve well-being and safety at work, while comparison between 

various stress detection techniques has remained limited, especially in a knowledge 

work context. Along with usage interest, factors such as cost, reliability, and 

privacy should be considered. 

In order to address the challenges and requirements identified in the literature 

review, this dissertation proposes and evaluates a novel way of assessing work 

stress. Evidently, multiple valid data sources of stress-indicative data are plausible 

to lead to better accuracy of stress recognition. Existing stress measurement 

approaches presented by the literature provided feasible detection outcomes, given 

the constraints that apply to different methods and experiment setups. The new 

approach contributed by this dissertation can be utilized as a standalone or 

complementary source of stress-related information, facilitating continuous 

unobtrusive stress monitoring in the work environment, with user load suitable for 

sustainable long-term adoption. 
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3 Research contributions 

This chapter presents the research contributions of Publications I–V relevant to this 

dissertation and its research question. The chapter begins by describing the four 

collected empirical datasets. Then, a privacy-safe and cost-effective multi-sensor 

monitoring system capable of continuously measuring behavioral and 

environmental characteristics and self-assessments is introduced. Following this, a 

novel application of machine learning methods to assess knowledge workers’ 

personal stress conditions based on IEQ and human motion data and experimental 

classification performances are presented. Next, this chapter reveals knowledge 

workers’ perceptions of various sensor-based stress monitoring technologies and 

their interest in sharing their stress-indicative data to sustain well-being at 

knowledge work. Moreover, user acceptance of continuous stress monitoring from 

an organizational viewpoint is studied with focus group interviews. Finally, a 

summary of the relevant contributions in each of the included publications is 

presented. 

3.1 Datasets 

This dissertation and included publications are based on four empirical datasets. 

The study protocols were reviewed and accepted by the Ethics Review Board of 

VTT Technical Research Centre of Finland Ltd. The first quantitative dataset 

(Publication III) was collected at VTT office premises in Finland over ten months 

in 2017–2018. All four monitored persons were middle-aged knowledge workers, 

two of them were male and two female. The data consisted of depth sensor data 

from commercial Orbbec Astra Pro devices and daily self-reported stress on a three-

level scale (very stressful – stressful – not stressful). 

The second quantitative dataset (Publications I and II) was gathered in a 

Finnish elementary school for 18 weeks, i.e., three and a half months in fall 2018. 

All test subjects were female teachers, and the average age was 43.5 years (standard 

deviation 15.6 years). Environmental sensor data was gathered using commercial 

MFC-LW12CO2 devices and a set of customized sensor devices based on the VTT 

Tiny Node hardware platform with commercially available sensors. The measured 

IEQ parameters included temperature, relative humidity, air pressure, CO2, indoor 

air quality index (IAQ index), and ambient luminosity. The IAQ index represents 

breath volatile organic compound (VOC) concentration for the most essential 

compounds in the exhaled breath of humans and is the output of a proprietary 
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algorithm in the sensor vendor's VOC gas sensor. The test subjects reported their 

perceptions of work stress, productivity and IEQ via an Android self-reporting app 

daily on weekdays (see Figure 7). Moreover, the test subjects wore a Polar M600 

wrist device to monitor physiological data (continuous activity and heart rate) 

during working hours. However, this data was not used in the analysis due to 

motion artifacts. At the end of the study, the test subject filled in an abbreviated 

form of the Big Five Inventory-2 questionnaire. 

 

Fig. 7. Self-reporting app (Adapted, with permission, from Publication II © 2020 Authors).  

The third dataset (Publications II and IV) was gathered at VTT office premises in 

Finland for three and a half to seven months during fall 2018 and spring 2019. 

There was a total of 23 volunteer test subjects whose average age was 41.6 years 

(standard deviation eight years). However, data from only 15 workers was eligible 

for analysis because a small part of the sensor data was lost, and some test subjects 

could not provide complete self-reports. The main reason for the insufficient 

number of obtained self-reports was the relocation of test subjects due to renovation 

work in the office building. Similar to the previous dataset, the data was collected 
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using VTT Tiny Node devices, the Android self-reporting app (see Figure 7), a 

Polar M600 wrist device, and the Big Five Inventory-2 questionnaire. The 

measured IEQ parameters included temperature, relative humidity, air pressure, and 

CO2. Additional measurements included presence data via PIR sensors and door 

state data (open or closed) via magnetic latch sensors. For environmental data, the 

data is partly publicly available through Zenodo (Räsänen et al., 2020). 

The fourth empirical dataset (Publication V) was collected anonymously using 

the internet and the Questback Inc. online survey tool in spring 2020. The survey 

link was distributed on VTT Technical Research Centre of Finland's online news 

page and its Twitter and LinkedIn channels, which are followed by a large number 

of knowledge workers. The idea was to reach a wide range of European knowledge 

workers to gain insights into how they perceive different monitoring technologies 

and whether they are willing to share stress data to sustain well-being at individual, 

team, and organizational levels in the knowledge work context. Respondents were 

knowledge workers in Europe, and 181 acceptable responses were returned; 

however, the distribution choice did not allow for the response rate to be counted. 

Seventy-eight of the respondents were female, 101 male, and two respondents did 

not report their gender. The questions are presented in Table 2. 

Table 2. Questions in the online survey (Publication V). 

Question Answer options on a 4-point Likert scale 

Q1. How interested would you be in receiving 

information about your well-being measured with 

sensors during the working day? 

 

not at all 

interested 

not that 

interested 
interested 

very 

interested 

Q2. What kind of measurable information related to 

your well-being and coping at work would you be 

interested in receiving? 

 

N/A N/A N/A N/A 

Q3. I am interested in employing a sports watch or 

other wearables in order to monitor my stress levels 

during the workday  

 

strongly 

disagree 
disagree agree 

strongly 

agree 

Q4. I am interested in employing the following 

sensors embedded in the work environment in order 

to monitor my stress levels during the workday: air 

quality sensors, sound level sensors, motion 

detectors, a pressure-sensitive chair, a video camera 

strongly 

disagree 
disagree agree 

strongly 

agree 
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Question Answer options on a 4-point Likert scale 

Q5. I am interested in employing software that tracks 

my way of using the following devices to monitor my 

stress levels during the workday: A keyboard- or 

mouse-usage tracker, a computer-usage tracker, a 

smartphone-usage tracker 

 

strongly 

disagree 
disagree agree 

strongly 

agree 

Q6. I would be interested in confidentially sharing 

data collected from myself during workdays with 

related well-being service providers: 

…if the data was used to help identify my personal 

health risks. 

…if the data could be used to improve my own and 

my colleagues’ well-being and coping at work. 

… if the data could be used to improve my 

organization’s work culture and leadership in a 

direction that supports well-being and coping at work. 

… if the data was only used for non-commercial 

scientific purposes. 

 

strongly 

disagree 
disagree agree 

strongly 

agree 

Q7. If your stress was monitored while working, how 

concerned would you be about the following things? 

My employer, supervisor, or co-workers could use 

the collected data against me (vulnerability). 

My employer could access private or sensitive 

information about me. 

Someone who is not supposed to see my data could 

get access to my personal data (ability to control). 

 

 not at all 

concerned 

not that 

concerned  
concerned 

very 

concerned 

Q8. What do you consider to be the most privacy-

sensitive stress monitoring methods? 
N/A N/A N/A N/A 

Q2 and Q8 were multiple-choice questions. The options for Q2 were: stress level, 

workload, performance, concentration level, recovery, ergonomics, and heart rate 

or heart rate variability; and for Q8: a sports watch, an air quality sensor, a sound 

level sensor, a motion detector, a video camera, a pressure-sensitive chair, a 

keyboard, a mouse-usage tracker, a computer-usage tracker, and a smartphone-

usage tracker. In addition, the survey contained an open field for comments. The 

dataset is publicly available through Zenodo (Kallio et al., 2021). In conclusion, 

Table 3 summarizes the four gathered datasets. 
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Table 3. The datasets used in Publications I–V. 

Knowledge worker 

group  
Data 

Duration       

(months) 
Subjects 

Age           

(years old) 

Research 

scientists and 

management 

 

Depth sensor, self-reported work 

stress daily 

10 4 middle-aged 

Elementary school 

teachers 

Temperature, relative humidity, air 

pressure, CO2, IAQ index, ambient 

luminosity, PIR 

Self-reported work stress, productivity 

and IEQ daily 

 Physiological data (activity and HR) 

 Big Five Inventory-2 

 

3.5 4 43.5 ± 15.6 

Research 

scientists 

Temperature, relative humidity, air 

pressure, CO2, PIR 

 Self-reported work stress, 

productivity and IEQ daily 

 Physiological data (activity and HR) 

 Big Five Inventory-2 

 

3.5–7 23 (15) 41.6 ± 8  

European 

knowledge 

workers from 

various domains 

Quantitative data about knowledge 

workers’ perceptions regarding 

sensor-based stress monitoring and 

well-being solutions in the work 

environment 

one-time 

survey in 

spring 2020 

181 20–24 (N=3)     

25–34 (N=45)    

35–44 (N=76)    

45–54 (N=37)    

≥ 55 (N=19) 

3.2 Long-term work stress assessment using unobtrusive sensors 

embedded in the work environment 

3.2.1 Multi-sensor monitoring system (Publications I–IV) 

This dissertation contributes to the field by introducing a privacy-safe and cost-

effective setup for collecting long-term heterogeneous environmental sensor data 

from natural work environments. A multi-sensor system was designed and 

implemented to monitor employees’ behavior and environment, along with self-

assessments. The system was reused in all of the environments studied, namely in 

school and office premises. The measured IEQ parameters included temperature, 
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relative humidity, air pressure, CO2, ambient luminosity, and IAQ index. In 

addition, human motion measurements were realized as passive infrared (PIR) and 

depth sensors. The details of the sensor nodes deployed in the data collection are 

described in Table 4.  

Table 4. Details of the employed sensor devices and measured parameters in 

Publications I–IV. 

Sensor device Parameter Measurement range Sampling 

interval 

Data 

communication 

Orbbec Astra Pro Three-dimensional 

image 

640x480@30fps 

 

0.6–8 m 1/30 s USB + 

REST/HTTPS/IP 

MCF-LW12CO2 Temperature -10 – +60 °C 

15 min 
LoRaWAN + 

MQTT/IP 

 Relative humidity 0–100% 

 Pressure 300–1100 hPa 

 CO2 300–5000 ppm 

 Luminosity 0.01–80000 lx 

 VOC index 0–500 (b-VOC sensor 

500 - 50000 ppb) 

 

VTT TinyNode Temperature1 -10 – +85 °C  

60 s BLE + MQTT/IP 

 Relative humidity1 0–80% 

 Pressure2 300–1100 hPa 

 CO2
3 0–5000 ppm 

  Motion (PIR4)  0–12, a sum of motion 

events detected at 1/5Hz 

over a time window 

1Silicon Labs Si7021; 2Bosch BMP180; 3SENSEAIR K30; 4Panasonic EKMB1301113K 

The high-level architecture of the multi-sensor monitoring system, depicted in 

Figure 8, comprises three primary levels: sensors, gateway, and cloud nodes. The 

system deployed commercial and customized sensor devices and commercially 

available gateway devices. Cloud functionality was built on top of a commercial 

platform, which implemented data storing, processing, and computation 

capabilities. 
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Fig. 8. High-level overview of the multi-sensor system for monitoring employees’ 

behavior and environment. 

The modular structure of the system enables selecting a required set of sensors for 

each target domain or experiment. In addition, subjective evaluations of 

productivity, stress, and IEQ were collected with the implemented smartphone app. 

The feasibility evaluation of the self-report application has been reported in a 

conference publication (Similä et al., 2019). 

Regarding the reliability of the data collection, the sensors of VTT Tiny Node 

devices were manufacturer calibrated, and an informal cross-check was carried out 

before data collection. Prior to deployment in the test environment, all of the 

sensors were placed in the same space at the same time to cross-check that the 

sensors showed consistent readings within the sensor manufacturer’s specified 

accuracy range. The cross-check was performed over one week in an office room. 

In the office and school pilot environments, it was observed that 0.5–1.5% of 

IEQ and PIR data samples were lost in the Bluetooth communications link from 

the sensor to the gateway. The data loss rate for LoraWAN sensors was about 0.8%. 

Other reasons for IEQ and PIR data losses were internet interruptions at the data 

storage site and problems reconnecting with the Azure database after the 

interruptions. Incidents of this type were few, but one caused the loss of 18 hours 

of data and another six hours of data. Due to the incidents, a fault recovery system 

for database connection was implemented, after which there was no significant data 

loss. Figure 9 shows CO2, relative humidity, and temperature data variations in one 

office room during one full year from January to December 2019. Similarly, Figure 

10 represents human motion activity events per minute measured with a PIR sensor 

from the same office room for 24 hours on 24 January 2019.  
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Fig. 9. One-year CO2, relative humidity, and temperature data from an office room. 

Fig. 10. One-day human motion events measured with a PIR sensor in an office room. 



 

65 

The main novelty of the monitoring solution was to develop and test a cost-effective, 

modular, and robust system based on heterogeneous sensors and commercial 

platforms supporting reusable wireless technologies for continuous work stress 

monitoring and assessment. Furthermore, the implementation of the designed 

system has been evaluated by long-term usage in multiple real-world instances. For 

example, one instance has been continuously applied for more than two years, and 

two instances of the system were verified with several months of use in different 

types of properties, one of which was commercially utilized, confirming the 

reliability. Here, cost-effective refers to the application of relatively low-cost 

hardware and sensors, which can be reused or have a long life span in continuous 

use when embedded in buildings. In conclusion, the IoT-based monitoring system 

can be utilized to evaluate new stress measurement techniques and continuously 

collect related detailed data of various types in real-time, and it is feasible for long-

term and commercial use. 

Discussion 

The IoT-based monitoring system can be seen as a step toward a personally 

adaptive and human-centered future workspace, which is able to sense employee 

behavior in addition to observing the surrounding environment. Furthermore, using 

unobtrusive sensors embedded in the workspace allows the passive extraction of 

data without interfering with work activities or requiring any effort from the 

employee. However, a location-dependent monitoring system cannot monitor the 

employee off-site, which is a limitation, especially in location-independent and 

travel-intensive knowledge work. On the other hand, work stress is a 

multidimensional phenomenon, and providing complementary sources of stress-

indicative information is likely to enable better overall feasibility of stress detection. 

3.2.2 Stress assessment methods (Publications I–IV) 

One of the main contributions of this dissertation was to enable the assessment of 

perceived work stress. For this goal, machine learning methods were applied and 

developed to classify stress perceptions based on the collected IEQ and human 

motion sensor data. The input sensor data for work stress assessment was collected 

from three real-life experiments. According to the general machine learning process, 

the raw sensor data was prepared for analysis by cleaning and preprocessing it. For 

example, outliers exceeding the value range of possible indoor conditions and the 
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sensor measurement range and gaps from the time series data were removed. The 

acceptable value ranges for IEQ variables were 350–5000 ppm for CO2, 0–40 °C 

for temperature, 0–80% for relative humidity, 950–1100 hPa for air pressure, and 

1–12 for PIR motion count per minute. The preprocessing was followed by splitting 

the data into training and test data. Finally, the former data was used to select the 

most relevant features and train the model, and the latter to evaluate the model. 

For the purposes of outlining the stress assessment methods adopted in the 

dissertation, the results are presented by each experiment and the related 

publication. Due to the size and the extensive detail level of the published material, 

an overview of the relevant specifics of applied stress assessment methods in each 

experiment is given. In addition, the numeric performance resulting from the 

experiments is presented in the following section for clarity. 

Publication I presented the initial IEQ data analysis with IEQ data from 

temperature, relative humidity, air pressure, CO2, IAQ index, and ambient 

luminosity sensors installed in a school building. The use of IEQ data was 

motivated by the literature pointing out that environmental factors influence health, 

cognitive performance, and productivity in school and office environments. The 

data analysis employed supervised training of SVM classifiers to distinguish 

between high or low work stress and productivity perceptions of four elementary 

school teachers. For stress detection, the high stress class included “strong negative 

stress” and “negative” stress perception and low stress class included “neutral,” 

“positive,” and “strong positive” stress perceptions. Henceforth, notations high 

stress and low stress refer to stress labels or classes of binary classification. 

Similarly, for productivity classification, the low productivity class included “much 

less productively than usual” and “less productively than usual” answers, while the 

high productivity class included all other answers.  

For classification, SVM was chosen because it is a noise-robust classifier 

capable of learning from relatively small datasets and has been successfully applied 

in stress detection. Specifically, SVM implementation in the scikit-learn Python 

library was used. Two different learning approaches were compared: person-

independent and person-dependent. However, only the person-dependent approach 

is described here because it provided notably better results. 

Features were extracted from time series data for time windows of predefined 

length using tsfresh Python library. It extracts over 300 features, such as minimum, 

maximum, energy, quantiles, various data change metrics, and uses self-reports 

from the training data to assess each feature’s false discovery rate and selects the 

most relevant features this way. Feature selection was performed by calculating 
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correlations between all extracted feature values and respective self-reports (i.e., 

stress and productivity labels) and selecting the highest correlation features. This 

approach enables the most suitable features for each problem to be selected 

individually. For some test subjects, high correlations were observed between 

perceived “negative” conditions (i.e., high stress or low productivity) and features 

reflecting data changes, such as standard deviation, sum over the absolute value of 

consecutive changes, and data trends. In some cases, high correlations were 

observed between self-reported “negative” perceptions and absolute values, such 

as a longest consecutive subsequence of temperature values above the temperature 

mean. As a result, the number of selected features varied from 19 to 200 between 

test subjects. Similarly, the feature set was adapted to the work stress and 

productivity classification models for each test subject. 

Due to the size of the training data, a leave-one-self-report-out cross validation 

protocol was used for each test subject. One self-report and the corresponding 

sensor data (average from the previous two hours) were selected as test data, and 

all remaining data was used for feature selection and SVM training. This process 

was repeated for all self-reports of the test subject and replicated individually for 

all test subjects. For each subject, a separate SVM model was trained and tested for 

stress and productivity classification. 

Publication II was based on sensing data from temperature, relative humidity, 

air pressure, and CO2 sensors installed in a school and an office facility. Publication 

IV, in turn, used motion data from PIR sensors installed in an office building. The 

use of PIR data was justified by the earlier studies suggesting that motion features 

can be indicative of stress. Correspondingly to Publication I, Publications II and IV 

applied a similar procedure to develop and test person-dependent SVM classifiers 

for stress and productivity on the basis of IEQ and motion data. 

Publication III employed human motion data from depth sensors and proposed 

the unsupervised training of a customized HMM to classify each day and month as 

stressful or normal. Moreover, the person-dependent approach was chosen because 

stress detection studies based on behavioral data have reported notably better 

accuracy using person-dependent than person-independent classifiers. The depth 

sensors were installed near ceilings so that their monitoring area covered the office 

area where the monitored persons sit and the areas where they walk and receive 

visitors. Because the office furniture partially obstructs visibility, and the top-view 

cameras detect heads more reliably than other body parts, it was decided to analyze 

head trajectories. To further process the depth sensor data, specific custom tracking 

software was applied to create an adaptive background model (a 3D point cloud), 
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to distinguish between static objects and humans. Furthermore, custom motion 

detection software was developed to track human movements. The motion 

detection applied current spatial information and moving object velocity for each 

detection frame and output tracked objects at 10 frames per second. For the 

visualization of trajectories, a custom 2D histogram heatmap application was 

employed, providing visualized x and y locations for all tracks for each day. 

Since using depth sensor data for detecting human motion trajectories for stress 

recognition is a novel research topic, there was no direct related work regarding the 

choice of features. However, features related to the quantity of motion appeared to 

be indicative of stress. Thus, various time and spatial domain features were 

extracted from the trajectories of each test subject separately. The time-domain 

features included motion time and maximum presence time. The spatial domain 

features were: track spread, measuring how much space in the office the test subject 

occupies while moving around; wandering style, measuring occupied space but 

more coarsely than track spread; and spread of hot spots, considering the favorite 

locations of the test subject. The results demonstrated that location-based features, 

such as increases in spread of trajectory points, spread of most frequently visited 

office locations, and zigzagging, were better stress indicators than time-based 

features. Moreover, stress appeared as an increase in values and their variations for 

most features. Other features, such as movement speed and total presence time in 

the office, were also considered, but these appeared less useful in discriminating 

between stressful and normal days than the mentioned features. The features from 

the trajectories of each test subject were extracted separately. 

Regarding the unsupervised classification process, each working day was 

modeled as a sequence of time windows, where features extracted from each time 

window serve as HMM observations. Separate HMM models were trained for all 

the selected features in order to calculate the stress level of a day. The leave-one-

day-out cross validation protocol was used for model evaluation. The process was 

repeated for all days of the test subject and replicated individually for all test 

subjects. 

Discussion 

This dissertation used advanced machine learning algorithms with a broad set of 

standard signal features extracted automatically from the raw data. In total, the 

addressed datasets collected with environmental sensors comprise about 15.2 

billion samples, equivalent to about 405 GB of data. Moreover, there were 
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approximately one million samples of raw IEQ data per person in Publications I–II 

and IV. Moreover, the average number of self-reports per test subject in the 

collected data was around 75, which is a sufficient data size to train a 2-class model. 

This number is typical for many studies on stress detection; for instance, in previous 

studies into stress assessment using sensor data and machine learning, self-reports 

were 65 and 50 per test subject average, respectively (Ciman & Wac, 2018; 

Maxhuni et al., 2016). 

Regarding the automated extraction of features, a high number of features were 

selected due to the scale of the dataset and the high number of input samples. The 

features were adapted to each individual accurately. The goal was a person-specific 

adaptation, and cross-validation was applied to avoid overfitting. However, it 

should be noted that cross-validation alone does not entirely guarantee solving the 

potential problem of excess training. In order to exclude the possibility of 

overtraining distortion, random labeling was applied as an additional error 

controlling method. The results showed that by random labeling as little as 33% of 

the data, the model accuracy dropped dramatically to levels very close to random 

guessing (50% for the case of binary classification). This test strongly suggests that 

overtraining did not occur, and the results were correct in the context of the 

experiment. Regarding extrapolating the results to a larger population and 

evaluating against possible bias, a higher number of test persons is recommended 

as future work. In addition, the feature set could be optimized to select the most 

relevant set, paying careful attention to those features that do not seem to have a 

precise mechanism to detect stress. 

3.3 Evaluation of stress assessment results 

3.3.1  Perceived work stress assessment with IEQ and human 

motion data (Publications II–IV) 

In order to evaluate the methods presented above for stress detection, the key 

question is how accurately stress can be recognized. Thus, this dissertation presents 

stress classification performance estimates based on conducted experiments and 

selected machine learning methods. There were two target classes in each 

experiment—high stress and low stress—to describe a person’s stress levels. In all 

experiments, the best daily or monthly classification results were achieved with 

person-dependent training, i.e., each individual’s model was trained and cross-
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validated using only their data, whereas the accuracy of person-independent 

approaches was notably lower. Classification performance was estimated according 

to the equations 

 Total accuracy
NTHS  NTLS

NHS  NLS
, (2) 

 

 True high stress
NTHS 

NHS 
, (3) 

and 

 True low stress
 NTLS

 NLS
. (4) 

In equations (2), (3), and (4), NTHS is the number of correctly classified true high 

stress labels; NTLS is the number of correctly classified true low stress labels; NHS 

is the total number of high stress answers, and NLS is the total number of low stress 

answers. Experimental classification performances of different data types and 

methods are presented in Table 5. 

Publication II showed that different IEQ data types can be used to assess the 

work stress of teachers and research scientists with a reported average accuracy of 

83% and 85%, respectively. Publication III revealed that depth sensor data can be 

employed to detect research scientists’ stress with a reported average accuracy of 

66% when assessing stress daily and 95% when assessing stress monthly. Moreover, 

Publication IV pointed out that PIR data can be used to detect research scientists’ 

stress with a reported average accuracy of 80%. 

Table 5. Average classification performance of perceived work stress (Publications II–

IV). 

Domain Subjects Duration 

(months) 

Measurement Method Total 

accuracy 

True high 

stress 

sensitivity 

True low 

stress 

specificity 

School: 

IEQ 

4 3.5 temperature, 

humidity,          

air pressure, CO2 

 

SVM,            

person-dependent 

0.83 0.74 0.89 

Office: 

IEQ 

15 (6) 3–7 temperature, 

humidity,          

air pressure, CO2 

 

SVM,           

person-dependent 

0.85 0.7 0.92 
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Domain Subjects Duration 

(months) 

Measurement Method Total 

accuracy 

True high 

stress 

sensitivity 

True low 

stress 

specificity 

Office: 

Human 

motion 

15 (6) 3–7 passive-infrared SVM,           

person-dependent 

0.80 0.60 0.86 

 4 10 depth sensor, 

daily 

HMM,          

person-dependent 

0.67 0.43 0.80 

 4 10 depth sensor, 

monthly 

HMM,          

person-dependent 

0.95 0.95 0.95 

Discussion 

Previous studies have pointed out the association between work stress and 

environmental quality. This dissertation supports these findings. However, the 

mechanism behind the associations is complex and causal relationships of the 

results require further work. It is not obvious whether IEQ causes stress directly or 

indirectly or whether a stressed person can affect the work environment with their 

stress responses (e.g., moving and breathing differently). Direct comparison of the 

results is not fully meaningful because of different populations, ground truth 

assessments, sensors, type of data, number of target classes, machine learning 

methods, and evaluation approaches of the related work. However, the presented 

classification accuracies illustrated the applicability of IEQ and human motion 

sensor data. This approach has not been systematically applied earlier and shows 

the usefulness of the results. 

The assessment of the generalizability to the general population still requires 

further work. In the studies, the number of test persons was relatively low; four 

office workers in Publication III, four teachers in Publications I–II, and 15 office 

workers in Publications II and IV. Concerning Publications II and IV, only six office 

employees reported stress and were thus eligible for analysis. Thus, the validity and 

generalizability of the results is still an unanswered question. 

Furthermore, the low number of test subjects could be subjected to unknown 

sources of bias. For instance, it might be that only persons who are sensitive to air 

quality or other external factors volunteered for the experiment. Considering the 

wider population, more than half of the office workers did not experience stress 

during the test period. Why this occurred is not clear, but multiple scenarios are 

possible; either they did not experience stress, their threshold for reporting or 

feeling stress is high, or they did not feel any changes in how stressed they were, 
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despite the changes in the environment. As to the respondents who did report stress, 

one possible source of bias is that the questionnaire asked the environment and the 

stress questions at the same time, potentially causing mental alignment. Obviously, 

stress detection is most beneficial to such individuals who feel stress. Nevertheless, 

at the organization level, it is crucial to know which parts of the organization are 

under stress so that stress-reducing measures can be aligned correctly. 

3.3.2 Perceived work productivity assessment with IEQ and human 

motion data (Publications II and IV) 

There are known negative relationships between stress and productivity, as well as 

insufficient IEQ and productivity. Hence, this dissertation presents additional 

productivity classification performance based on conducted experiments and a 

selected machine learning method. Similarly to stress classification, there were two 

target classes in each experiment, high productivity and low productivity, to 

describe productivity levels on a daily basis. In all experiments, the best results of 

daily classifications were achieved in person-dependent training. Classification 

performance was estimated according to the equations 

   Total accuracy
NTHP  NTLP

NHP  NLP
, (5) 

 

 True high productivity  
NTHP 

NHP
, (6) 

and 

 True low productivity
NTLP 

NLP 
. (7) 

In equations (5), (6), and (7), NTHP is the number of correctly classified true high 

productivity labels; NTLP is the number of correctly classified true low productivity 

labels; NHP is the total number of high productivity answers, and NLS is the total 

number of low productivity answers. Experimental classification performances of 

different data types and methods are presented in Table 6. 
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Table 6. Average classification performance of perceived work productivity 

(Publications II and IV). 

Domain Subjects Duration 

(months) 

Measurement Method Total 

accuracy 

True 

high 

productivity 

sensitivity 

True      

low 

productivity 

specificity 

School: 

IEQ 

4 3.5 Temperature, 

humidity,  

air pressure, CO2 

SVM,  

person-

dependent 

 

0.92 0.96 0.7 

Office: 

IEQ 

15 (6) 3–7 temperature, 

humidity,  

air pressure, CO2 

SVM,  

person-

dependent 

 

0.9 0.97 0.61 

Office: 

Human 

motion 

15 (6) 3–7 Passive-infrared SVM,  

person-

dependent 

0.70 0.92 0.25 

Publication II pointed out that different IEQ data types can be used to assess the 

perceived work productivity of teachers and research scientists with a reported 

average accuracy of 92% and 90%, respectively. Publication IV, in turn, indicated 

70% accuracy when classifying the perceived productivity of research scientists 

using human motion data. However, the human motion approach based on PIR data 

could not detect practically any case of perceived low productivity. 

Previous studies have shown that work stress and poor IEQ have a negative 

influence on work performance. Although objective work performance or 

productivity were not assessed in this study, the self-reported high stress and low 

productivity co-occurred rather frequently. For instance, in dataset II, high stress 

and low productivity were reported on the same day in 88% of the cases. Whether 

the highly stressed feeling is caused by low productivity or vice versa requires 

further studies. 
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Fig. 11.  Comparison between high stress and low productivity classification using IEQ 

data and self-reported labels for two research scientists (Adapted, with permission, 

from Publication II © 2020 Authors). 

Furthermore, the perceptions of stress and productivity were highly individual, and 

the test subjects reported different numbers of stress and productivity problems. In 

order to visualize and compare the capability of the person-dependent classification 

models, Figure 11 illustrates the differences between IEQ data-based classification 

decisions and self-reported high stress and low productivity for two research 

scientists whose number of negative reports differed the most. For Research 

Scientist 1, the accuracy of stress classification based on IEQ data was 0.91 (True 

high stress = 0.89; True low stress = 0.93); and the accuracy of productivity 

classification was 0.82 (True high productivity = 0.92; True low productivity = 

0.56). For Research Scientist 2, the accuracy of stress classification based on IEQ 

data was 0.79 (True high stress = 0.84; True low stress = 0.68); and the accuracy 

for productivity classification was 0.88 (True high productivity = 0.97; True low 

productivity = 0.63). 

Discussion 

Objective measurement of productivity is difficult, especially in knowledge work, 

where establishing proper reference metrics is often impossible. In this dissertation, 

self-reported productivity is used, and the results are based on self-assessed 

subjective views on personal productivity at any given time. Given the constraints 

with the experiments, this is considered a suitable method. The results suggested 

that empirical IEQ and PIR sensor data and various machine learning methods were 

applicable for assessing person-dependent perceptions of work productivity. 
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However, due to the small number of eligible test subjects, further studies are 

necessary to extrapolate these results to the general population. 

In total, ten of the participants were eligible for the analysis, and of 15 office 

workers, nine did not submit enough reports on productivity to be included. There 

could be several reasons for this: personal productivity may be considered sensitive 

information, the persons may be unable to self-assess their productivity, or they did 

not perceive any changes in their view. 

As for the respondents who did report productivity expressions, the results are 

surprisingly highly correlative to IEQ and PIR data, and with PIR data, especially 

high productivity is detected accurately. One possible source of bias is that the 

questionnaire asked the environment and the performance questions in the same 

query, potentially causing mental alignment. Considering further causes of possible 

bias, with the low number of participants, it is possible that individuals who 

volunteered and reported productivity felt they could point out with their answers 

the problems in the air quality. Furthermore, those who volunteered for the study 

and submitted sufficient reports might have been sensitive to air quality issues and 

do not necessarily represent the majority population. 

3.3.3 Specifics of real-life and extensive duration (Publication III)  

There are various reasons for work stress, including high workload, a need to hurry, 

time pressure, challenging tasks, complex relationships, poor environmental quality, 

and inability to cope with stress. However, to date, most related stress detection 

studies have been conducted in laboratory conditions, examining a short-term 

response to stress factors induced artificially. Brief bursts of stress produced by 

experiment arrangement do not necessarily fully reflect the stress or detectable 

implications experienced in life. Root causes are often complex and vary 

significantly among individuals. Publication III provided written comments 

reported by test subjects, which pointed out that tiredness and negative emotions, 

such as dissatisfaction, can cause stressed feelings in real life. For example, high 

stress labels were explained as follows: “I tried to write, but I wasn’t inspired,” “I 

had a lot of work stuff to do, but I wasn’t very productive,” “Nothing special 

happened but I didn’t feel fully recovered from yesterday,” and “I felt really tired 

because of the stressful work week and traveling.” 

Obviously, high stress was also explained by time pressure or pace of work, 

which are corresponding stress factors to those induced in laboratory studies but 

may last longer and cause detrimental outcomes in real life if recovery is 



 

76 

insufficient. For example, high stress was explained as follows: “The day was really 

busy with several meetings,” “The workday was normal, but there was one busy 

task in the afternoon and I felt immediately stressed because I needed to go home 

early,” and “I tried to finish two tasks, but I had a lot of urgent emails taking my 

attention.” Thus, short-term laboratory experiments cannot really capture the 

accumulated background stress experienced by a person in real life. 

Interestingly, the pace of work and being busy were also raised when stress 

perception was low. Examples of those comments included: “Good and busy day,” 

“Quite a productive day at work, I felt busy but not stressed,” and “I was inspired 

and did a lot.” To the best of the author’s knowledge, these types of conditions do 

not seem to be well covered by related work. Related real-life studies typically do 

not burden the test subjects with the requirement to explain their stress perceptions, 

whereas laboratory studies are typically conducted assuming that the need to 

complete several tasks quickly inevitably implies stress. The comments of our 

subjects suggest that this assumption does not always hold, and the interaction of 

factors can either inhibit or accelerate stress. As a result, comprehensive true-

environment sustained studies covering a long time span are well-grounded for 

gaining new insight and additional evaluation. 

3.4 User acceptance of unobtrusive work stress detection 

3.4.1 Perceptions toward different stress monitoring methods 

(Publication V) 

Publication V examined knowledge workers’ motivation to use continuous stress 

measurements via an online survey. The majority of the respondents (81.8% ± 5.6% 

at the 95% confidence level, n = 181) were interested in receiving well-being 

related information. Less than a fifth of the respondents (18.2% ± 5.6%) stated that 

they were not interested in receiving such information. Most of the respondents 

(75.1% ± 7.3%) were interested in receiving information concerning their stress 

levels. Regarding the interest in using different stress monitoring methods during 

the workdays, the knowledge workers were most interested in using air quality 

sensors or wearables. A sound level sensor, a pressure-sensitive chair, a keyboard 

or mouse usage tracker, motion detectors, a computer usage tracker, and a 

smartphone usage tracker were also considered relatively interesting options. On 

the other hand, the knowledge workers were most reluctant to use a video camera 
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for stress monitoring. The results of the 4-point Likert-scale evaluations are shown 

in Figure 12. 

Fig. 12. Knowledge workers’ interest in using different stress monitoring methods (Data 

from Publication V).    

Besides the knowledge workers’ interest in using different stress monitoring 

methods, their privacy-sensitiveness in the work context was studied. A video 

camera (82.3% ± 5.6%) was perceived as the most privacy-threatening stress 

monitoring method. Approximately 70% ± 6.7% of the respondents also considered 

smartphone and computer usage trackers to be privacy sensitive. The least sensitive 

or intrusive methods were air quality sensors, a pressure-sensitive chair, a sound 

level sensor, and a motion detector. Figure 13 illustrates the perceptions of the most 

privacy-sensitive stress monitoring methods. 
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Fig. 13.  Perceptions of the most privacy-sensitive stress monitoring methods with a 

confidence interval at the 95% confidence level (Adapted under CC BY 4.0 license from 

Publication V © 2021 Authors). 

Discussion 

The results signified that knowledge workers in Europe are interested in receiving 

well-being–related information, especially regarding their stress and concentration 

levels. Moreover, employees were willing to use different technologies, such as 

environmental sensors, wearables, pressure-sensitive chairs, and keyboard- or 

mouse-usage trackers, to monitor their stress levels during workdays, which is 

promising since more information is likely to yield better accuracy of stress 

detection. However, most respondents were from Finland and Spain, which hinders 

the generalizability of the results since attitudes toward work stress and technology 

may differ between cultures.  

3.4.2 Structural modeling on user acceptance (Publication V) 

Publication V contributed by theoretically and empirically investigating knowledge 

workers’ interest in sharing their stress-indicative data to promote well-being in the 
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work context at an individual, team, and organizational level. The theoretical model 

determined the employees’ interest in sharing stress data by assessing their interest 

in employing unobtrusive stress monitoring technologies and their privacy 

concerns about data use. The concepts of the research model were interest in using 

environmental sensors, interest in using virtual sensors (i.e., tracking software 

embedded in the work environment), privacy concerns about the use of data, and 

interest in sharing personal data. The structural model was a second-order model, 

and the statements in the survey questionnaire measured theoretical concepts (see 

Table 2); interest in using environmental sensors was measured with Q4, interest in 

using virtual sensors was measured with Q5, privacy concerns was measured with 

Q7, and interest in sharing personal data was measured with Q6. Empirical analyses 

were conducted using SEM, which is a statistical technique that can test and 

estimate the reliability and validity of theoretical constructs and their inferential 

relationships. SEM was chosen due to its explanatory capability. The resulting 

empirical model is depicted in Figure 14. 

Fig. 14. Empirical model for the knowledge workers’ interest in sharing their stress-

indicative data (Modified from Publication V). 

The findings of Publication V revealed that interest in employing virtual sensors 

positively influenced the interest in sharing personal work stress data. On the 

contrary, interest in employing environmental sensors, such as air quality, sound 

level, or motion sensors, did not directly influence knowledge workers’ interest in 

sharing personal work stress data. The knowledge workers’ concerns about using 
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data negatively affected their interest in employing virtual sensors and sharing 

personal stress-indicative data. However, there was no relationship between the 

concern about using data and the interest to employ environmental sensors for 

stress monitoring. 

The empirical model was statistically valid (see Table 7). The χ2 test supported 

the fit between the hypothesized model and the observed data, the p-value being 

0.04. A root mean square error of approximation (RMSEA) value below 0.08, and 

Tucker–Lewis index (TLI) and comparative fit index (CFI) values above 0.90 

indicated an acceptable fit of the model (Browne & Cudeck, 1992; Hu & Bentler, 

1999). Moreover, a standardized root mean squared residual (SRMR) value below 

0.08 showed a good statistical fit (Bagozzi & Yi, 2012). In addition, each latent 

variable was evaluated individually. The validity of the measures was extrapolated 

from factor loadings (McDonald & Bollen, 1990). The factor loadings were 

acceptable, except for construct reliability (CR) and average variance extraction 

(AVE) privacy concerns. However, the weakness of CR and AVE values for privacy 

concerns can be explained by the construct having only two measures and 

somewhat high error terms. 

Table 7. Test statistics of the empirical model (Adapted under CC BY 4.0 license from 

Publication V © 2021 Authors). 

Empirical model’s fit                         Construct reliabilities 

χ2 55.558  

(df. 39, p = 0.04)   

 Sharing 

personal 

data 

Privacy 

concerns 

Virtual 

sensors 

Environ-

mental 

sensors 

RMSEA 0.048 AVE 0.64 0.33 0.59 0.52 

CFI 0.965 CR 0.87 0.50 0.78 0.76 

TLI 0.950 Cronbach’s alpha 0.87 0.84 0.74 0.76 

SRMR 0.057      

 Discussion 

This dissertation advanced the literature on personal data sharing intentions in the 

work well-being context by presenting a workable second-order construct of the 

knowledge workers’ interest in sharing personal data to sustain well-being. Based 

on empirical results, the employees did not have any significant privacy concerns 

regarding environmental sensors. This finding can partly solve the privacy issues 

related to continuous stress monitoring and personal data sharing at work. On the 

other hand, concerns about more privacy-sensitive methods, such as virtual sensors 
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tracking device usage patterns, did not prevent data sharing willingness. This 

implies that the associated benefit regarding continuous work stress monitoring is 

considered significant enough to override privacy concerns about the use of 

personal data. 

However, the model was based on relatively simple theoretical concepts, and 

thus the model specification and empirical measures would benefit from further 

study and validation. For instance, the constructs of interest to employ virtual 

sensors and concern about the use of data consisted of only two measures. 

Moreover, a broader nationality scope is needed for a better generalization of the 

results. 

3.4.3 Focus group interviews (Publication IV) 

As a complementary contribution, Publication IV examined user acceptance of 

sensor-based stress monitoring from another viewpoint by studying the perceptions 

of a limited focus group of eight managers. To further evaluate the feasibility of the 

suggested sensor-based stress monitoring approach at an organizational level, a 

team barometer concept was introduced to interviewees as a potential application. 

The team barometer concept suggests aggregating employees’ stress levels over 

time from multiple individuals and visualizing the results into a team-level display 

view. The team barometer display would thus concisely and rapidly illustrate the 

stress development and current stress load state of a team or multiple teams at a 

glance. This improved insight into the overall personnel stress and load situation 

would allow management to make better-informed decisions and even enhance the 

organizational structure on an entirely new basis. 

Figure 15 presents one suggested team barometer view representing a plot of 

weekly group-level stress conditions for 12 weeks (x-axis), created using the stress 

assessment results of test subjects. First, the average state (y-axis) is calculated 

using the classifier decision Ci (high stress = 1, low stress = 0) of every test subject 

for each day, then a weekly stress score of each test subject is calculated according 

to the equation  

 Stress score
1

n
∑ Ci

n
i = 1 , (8) 

and finally, the average stress scores are calculated over all test subjects. In equation 

(8), n is the number of days in the corresponding time interval for which classifier 

decision (Ci) was obtained, and Ci is the classifier output for a particular test subject 
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during the day i. The average stress score of a time interval ranges from 0 (all days 

were classified as low stress days) to 1 (all days were classified as high stress days). 

 

Fig. 15. Example of team barometer view representing a plot of weekly stress level 

conditions of two groups and the average for 12 weeks (Reprinted, with permission, 

from Publication IV © 2020 International Federation for Information Processing [IFIP]).  

The focus group study was conducted as a face-to-face free-form discussion with 

eight persons, of whom seven were line managers with 30 or more subordinates, 

and one was a representative of a trade union. After representing the sensor-based 

team barometer concept, the interviewees responded to the following questions: 

(Q1) Let us assume that this system is working in your unit; what would you do 

when you see these results? (Q2) How would you see forming “group 1” and 

“group 2”? For example, would a split be by stress levels, work 

tasks/positions/organizational units, or some other ways? (Q3) What kind of 

timeline (interval size) do you envisage: weekly, bi-weekly, monthly, anything else? 

(Q4) The system is not 100% accurate. What do you think about its inaccuracy, and 

how would you take it into account? 

Regarding Q1, all managers highlighted the workload distribution and task 

assignment problem in knowledge work, but from two perspectives: “happier 

workers perform better” and “unhappy workers do not perform well.” Respondents 

of the first type considered that attention to conditions of their subordinates would 

pay off in the long term, resulting in higher motivation and improved ability to 

work. Respondents of the second type prioritized organizational performance and 

wanted to give every task to a person who was the best fit for the task. 
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When answering Q2, respondents of the first type approved team split as a high 

stress group versus a low stress group, and emphasized the importance of checking 

conditions of the high stressed group periodically in order to see evolving trends. 

In addition, managers of both types suggested splitting groups by work tasks, 

saying that this split would help provide timely support when required. Other 

suggestions included organizing teams in different ways, such as splitting groups 

according to work challenges, or by demographic factors, like age. 

Concerning Q3, most managers perceived that the first checkpoint should be 

when the stress condition has lasted longer than a month. For example, one month 

of stress before the deadline is standard in knowledge work, but prolonged stress 

would need actions from managers. Although respondents could not give an exact 

timeline for the team barometer, the second type of manager expressed interest in 

checking the team barometer weekly when tasks are more challenging or when the 

high stress group includes people they do not know well. 

Answers to Q4 showed that respondents of the first type of managers perceived 

technology as an indicator. The second type of managers looked for information 

that was as accurate as possible, especially regarding the ability of employees to 

perform a new task. Nonetheless, nobody expected the stress assessment to be 

perfectly accurate, considering the nature of the addressed information. In summary, 

the interviews indicated that managers accept sensor-based stress assessment, and 

it could assist in discovering and mitigating workplace problems. Overall, the user 

acceptance results based on the survey and focus group interviews confirmed the 

feasibility of a continuous and unobtrusive stress monitoring approach in a 

knowledge work context. 

3.5 Summary of research contributions 

The research contributions of this dissertation included the implementation and 

evaluation of a cost-effective, privacy-safe, and scalable multi-sensor monitoring 

system for measuring behavioral and environmental characteristics and self-

assessments. Moreover, three longitudinal empirical sensor datasets varying from 

three and a half to 10 months and one empirical online survey dataset were 

collected, and some parts of the datasets have been made accessible to other 

scholars to perform further research. Following this, a novel application of machine 

learning to assess knowledge workers’ personal stress conditions based on IEQ and 

human motion data and experimental classification performances were provided. 

Furthermore, the acceptance of the proposed stress assessment was confirmed by 
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investigating knowledge workers’ perceptions toward sensor-based stress 

monitoring technologies and their interest in sharing personal stress-indicative data. 

Table 8 recapitulates the research objectives, the empirical data collections, and the 

contributions of the five original publications. 

Table 8. Summary of research contributions. 

Article  Research objective 
Empirical data 

collection 
Contributions 

I To develop a privacy-safe and 

cost-effective IEQ monitoring 

and self-reporting system 

To collect longitudinal real-life 

dataset from a school facility 

To investigate how IEQ data 

can assess perceived stress 

and productivity 

 

3.5-month-long 

IEQ 

measurement  

with four 

teachers 

Implementation and operational evaluation of a 

continuous IEQ monitoring system 

Longitudinal dataset 

Applied SVM classifier and objective IEQ data 

to assess personal perceptions of work stress 

and productivity 

 

II To collect a longitudinal real-life 

dataset from an office facility 

To investigate how machine 

learning and IEQ data can 

assess perceived stress and 

productivity 

To obtain stress and 

productivity classification 

accuracy 

 

3.5 and 7-

month-long IEQ 

measurement  

with four 

teachers and 23 

(6) researchers, 

respectively 

Longitudinal dataset 

Further implementation and evaluation of 

monitoring system in a new environment 

Applied SVM classifier and objective IEQ data 

to assess personal perceptions of work stress 

and productivity 

Indicative classification accuracies were 83–

85% for stress and 90–95% for productivity 

III To collect longitudinal real-life 

dataset from an office facility  

To investigate how machine 

learning and depth sensor 

(motion) data can assess 

perceived stress 

To obtain stress classification 

accuracy 

10-month-long 

depth sensor 

measurement 

with four 

researchers 

Longitudinal dataset 

Applied customized HMM classifier and 

objective depth sensor data to assess personal 

perceptions of work stress 

Indicative classification accuracies were 67% 

for daily and 95% for monthly stress detection 

Written employee responses on stress 

perceptions stated that stress in real life differs 

from stress in laboratory experiments 
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Article  Research objective 
Empirical data 

collection 
Contributions 

IV To investigate how machine 

learning and PIR sensor 

(motion) data can assess 

perceived stress and 

productivity 

To obtain stress and 

productivity classification 

accuracy 

To study user acceptance of 

sensor-based stress monitoring 

from managers’ perspectives 

 

7-month-long 

PIR sensor 

measurement 

with 15 (6) 

researchers and 

interviews with 

8 managers 

Applied SVM classifier and objective PIR 

sensor data to assess personal perceptions of 

work stress and productivity 

Indicative classification accuracies were 80% 

for stress and 70% for productivity 

The interviews suggested that the proposed 

sensor-based stress monitoring is feasible for 

discovering and mitigating workplace problems 

V To study how knowledge 

workers perceive different 

monitoring technologies and 

whether they are willing to share 

stress-indicative data in order to 

sustain well-being 

One-time online 

survey with 181 

European  

knowledge 

workers  

Knowledge workers were highly interested in 

employing stress monitoring technologies to 

measure their stress levels 

Privacy concerns did not apply to the 

willingness to use environmental sensors. 

However, the concerns about more privacy-

sensitive stress detection methods did not 

prevent user acceptance nor intent to share 

data 
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4 Discussion 

In this chapter, the research questions are revisited to verify how they have been 

answered in this dissertation. This is followed by a comparison with the related 

work and a discussion on the reliability and validity of the results. Finally, this 

chapter is concluded by highlighting the significance of the results and providing 

pointers for future directions. 

4.1 Revisiting the research questions  

The main objective of this dissertation was to study the applicability of 

environmental sensor data for continuous work stress assessment of individual 

knowledge workers by conducting long-term field experiments. To relate the 

background, at the very beginning, the actual scientific starting point was to find 

out whether it is at all possible to employ a set of selected unobtrusive sensors 

embedded in the workplace surroundings to recognize the stress of a person. 

Notably, there was limited research on this topic, and the outcome was thus 

uncertain. However, it was known that poor environmental conditions can cause 

work stress, and stress is manifested in human behavior. Therefore, monitoring the 

work environment can provide information on prevailing environmental conditions 

inducing stressed behavior. On the other hand, humans under stress can possibly 

affect their surroundings, for instance, by moving or breathing differently from 

normal. Thus, monitoring environmental changes can reflect the deviating behavior 

and reveal clues about a person’s stress. Based on this, the assumption was that it 

could be possible to assess work stress using unobtrusive environmental sensors. 

The research questions were then formulated accordingly. 

4.1.1 RQ1. How can work stress be assessed continuously and over 

the long term using unobtrusive sensors embedded in the real 
knowledge work environment? 

The first research question was approached by developing a cost-effective and 

privacy-safe multi-sensor monitoring system capable of continuously measuring 

behavioral and environmental characteristics in different types of premises over 

long periods. The multi-sensor monitoring system was evaluated in multiple real-

world instances, which validated the reliability and robustness of the system. In 

addition, a scientifically novel way was found to assess work stress using machine 
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learning and unobtrusive sensors embedded in the knowledge work environment. 

By conducting three longitudinal real-life experiments, IEQ data, measured by CO2, 

relative humidity, temperature and air pressure sensors, and human motion data, 

measured by PIR and depth sensors, were utilized for continuous stress assessment 

of employees. Along with collecting and providing three long-term empirical 

sensor datasets, SVM and customized HMM-based classifiers were trained and 

applied to distinguish person-dependent perceptions of high and low stress. 

4.1.2 RQ2. How accurately is it possible to assess perceived work 

stress with IEQ and human motion sensor data? 

The second research question was answered by reporting the indicative stress 

classification performances based on the selected machine learning methods and 

empirical IEQ and human motion data. Experimental results with long-term real-

life data suggested that IEQ and human motion data can be used to assess the 

person-dependent perceptions of work stress in a knowledge work context. Stress 

detection employing supervised learning and IEQ data gained approximately 84% 

average accuracy. Regarding human motion data, supervised learning and PIR data 

resulted in around 80% average accuracy, and unsupervised learning and depth 

sensor data achieved an average accuracy of 67% for daily and 95% for monthly 

work stress assessment. 

Previous studies have demonstrated that work stress and poor IEQ affect 

productivity, and thus, this dissertation also studied the classification accuracy of 

productivity assessment. Concerning productivity assessment, the results indicated 

that supervised learning and IEQ data could achieve an average classification of 

around 90%. Moreover, supervised learning and human motion data from PIR 

sensors resulted in approximately 70% average accuracy, although it was not 

possible to detect perceived low productivity based on PIR data. 

In conclusion, the indicative accuracies seem sufficient to allow the utilization 

of the proposed stress detection approach in various applications on the condition 

that they are also plausible for the general population. 
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4.1.3 RQ3. How do knowledge workers perceive unobtrusive stress 

detection technologies and sharing stress data in the work 

context? 

The third research question examined user perceptions of different sensor-based 

stress monitoring technologies and knowledge workers’ interest in sharing personal 

stress-indicative data to promote well-being at work. The survey results revealed 

that the knowledge workers were highly interested in using unobtrusive stress 

monitoring technologies to monitor their stress levels during workdays. 

Furthermore, the statistical analysis showed that privacy concerns did not affect the 

knowledge workers’ interest in using environmental sensors, such as IEQ and 

motion sensors, indicating that environmental sensors are less intrusive and more 

acceptable when assessing work-related stress. Moreover, focus group interviews 

with managers suggested that the proposed sensor-based stress monitoring can 

assist in discovering and mitigating workplace problems. Overall, the results 

confirmed the user acceptance and feasibility of a continuous and unobtrusive stress 

monitoring approach in a knowledge work context. 

4.2 Comparison with the related work 

Work-related stress is due to various factors, such as working conditions, workload 

or pace, time pressure, complex task, role ambiguity, low decision latitude, 

interpersonal relationships, and organizational culture. To date, however, the 

majority of studies on stress detection by environmental sensors have been 

performed in the laboratory or in constrained environments, where stress was 

induced by giving the test subjects relatively short tasks or adjusting a single 

environmental factor while researchers observe the ability of test subjects to 

perform a specific task. In real life, people behave in a greater variety of ways than 

during laboratory tests. Hence, laboratory study findings cannot be directly 

extrapolated in real life, and further studies in authentic environments are required. 

The empirical data collections reported in this dissertation varied in duration 

from three to ten months for different test subjects, which are relatively long term 

compared to the average duration reported in previous real-life studies. For 

example, the real-life data collection of Bogomolov et al. (2014a) lasted six and a 

half months, and Muaremi et al. (2013) gathered data for four months. Durations 

in other studies have varied from about two months (Bogomolov et al., 2014b; 

Ferdous et al., 2015; Garcia-Ceja et al., 2016; Gjoreski et al., 2015; Maxhuni et al., 
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2016) to one month (Ciman & Wac, 2018; Sano et al., 2018), a week (Kusserow et 

al., 2013; Sano & Picard, 2013; Smets et al., 2018, 2019) or a few hours (Carneiro 

et al., 2015; Pimenta et al., 2015). Therefore, this dissertation contributed by 

collecting three extensive real-life sensor data sets for scientific research purposes. 

The novelty of this dissertation was to use cost-effective IEQ and human 

motion sensors embedded in the work environment to assess the perceived stress 

and productivity of knowledge workers during their workdays. The majority of 

real-life stress detection studies have employed data from physiological sensors or 

smartphones. However, work stress is a complex phenomenon, and environmental 

sensors along with personal devices could improve work stress detection accuracy. 

On the other hand, sensors embedded in the work environment can move the burden 

of monitoring from the user to the environment by allowing passive extraction of 

data without any attention from the employee. 

However, to the best of the author’s knowledge, only audio (Hernandez et al., 

2011), computer (Eijckelhof et al., 2014), and keyboard/ mouse (Carneiro et al., 

2015) modalities have been employed in real-life studies for stress detection. 

Furthermore, in comparison with related work on intelligent environments, 

previous studies have investigated occupants’ behavioral patterns in office 

environments by focusing on energy efficiency instead of stress assessment (Chen 

et al., 2011; Yan et al., 2015). In summary, the research goal is to extend the number 

of relevant stress information sources. Furthermore, the environmental monitoring 

presented in this thesis could offer synergies when combined with related methods, 

such as wearables, smartphones, or other personal devices. 

The direct comparison of the classification accuracies is impossible because of 

different populations, ground truth assessments, sensors, types of data, number of 

target classes, machine learning methods, and evaluation approaches of the related 

work. Hence, the classification accuracies provided in this dissertation should be 

considered in a qualitative manner. Nevertheless, the previous real-life studies 

using behavioral and physiological data have reported the best stress classification 

accuracy of around 80% for person-dependent models, which usually achieve 

higher accuracy than person-independent models. As one example of binary 

classification, Sano and Picard (2013) achieved 75% accuracy using self-reported 

stress, smartphone, accelerometer, and skin conductance data from 18 test subjects 

for five days. Another study reported 82% accuracy for person-dependent stress 

predictions on a two-level scale based on self-reported stress, smartphone, weather, 

and personality trait data from 114 test subjects over one month (Taylor et al., 2020). 
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Technology acceptance has been widely studied and tested in wearable 

technology-related studies in diverse work contexts (Jacobs et al., 2019; Kim & 

Shin, 2015; Son et al., 2012). However, employees’ perceptions of using 

unobtrusive stress monitoring and sharing stress data for well-being improvements 

at work have not been empirically tested in the previous studies. Carneiro et al. 

(2019) provided a valuable evaluation of novel stress assessment methods, while 

the value of this dissertation lies in the theoretical and empirical modeling of 

unobtrusive stress assessment to sustain well-being at work. Interestingly, the 

analysis results indicated that privacy concerns did not apply to the knowledge 

workers’ interest in using environmental sensors. Nonetheless, this dissertation 

confirmed that privacy is an essential element when using employees’ well-being 

data in the work context, as pointed out earlier (Gao et al., 2015). 

4.3 Reliability and validity 

The results reported in this dissertation do not concern merely knowledge work, 

but unobtrusive stress assessment can potentially be generalized to other work 

contexts. Environmental sensors can be applied in any workspace and used for daily 

stress assessment if employees are present in the workspace at least part-time. The 

main advantages of employing in-office sensors are their unobtrusiveness and the 

ability to measure both humans and the environment, thereby facilitating direct 

stress responses and indirect stress-related factors. The drawback is the ability to 

evaluate employees’ stress only when they are present in their workspace. Thus, the 

in-office sensors are not applicable for remote work or during travel. On the other 

hand, work stress is a multifaceted problem, and the best stress assessment results 

are most likely gained from using several complementary data sources. 

Environmental sensors could be applied with multiple other sources such as 

wearables, smartphones, and other personal devices. The maximally expressive 

combined data stream could possibly contain enough information for the best 

achievable reliability. 

Subjective evaluation of stress state is always a potential source of bias and 

includes uncertainty because the absolute truth about the stress state of a person 

may not be known (i.e., lack of gold standard). In this dissertation, self-reported 

stress and productivity were not evaluated objectively due to the real-world 

experimental setup versus the requirements for conducting objective stress 

measurement over the long term. On the other hand, self-reported stress is generally 

accepted as a reliable and valid measure. Moreover, self-reported productivity 
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comparing the recent performance of an employee with their typical productivity 

levels has been found to correlate with objectively measured productivity. Hence, 

personal opinion can be considered a sufficient measure within the context of this 

dissertation. 

However, concerning IEQ data-based stress detection, a possible bias can occur 

because the questionnaire asked stress, productivity, and environment questions 

simultaneously, causing mental alignment. Moreover, those study participants who 

gave stress responses might have been sensitive to IEQ issues and do not represent 

the general population completely. 

As to the reliability of the presented stress detection results, there are a few 

aspects of uncertainty to discuss. Admittedly, the number of test persons was low; 

four office workers in Publication III, four teachers in Publications I–II, and 15 

office workers in Publications II and IV, limiting the representativeness of the data. 

Concerning Publications II and IV, only six office employees reported stress and 

were thus eligible for analysis. Further studies are necessary to extrapolate these 

results to the general population. Considering the wider population, more than half 

of the office workers did not report enough stress during the test period to be 

eligible for the analysis, which concentrated on those who reported stress. However, 

on the organization level, it is crucial to know which parts of the organization are 

under stress so that stress reducing measures can be aligned correctly. 

This dissertation applied several machine learning algorithms with an 

extensive set of features extracted from the raw data. In total, the datasets collected 

with environmental sensors comprised about 15.2 billion samples, equivalent to 

about 405 GB of data. Approximately 1 billion samples were used for the analyses 

addressed in this dissertation. The features were adapted to each individual to a 

high degree of fit, with the risk of an excessively fine-grained model. The risk was 

accepted due to the goal of person-specific adaptation. In order to avoid possible 

individual stress model overfitting, cross-validation was applied. Further, an error 

control method called random labeling was also applied to exclude the possibility 

of overtraining distortion. The error analysis experiments suggested that model 

overfitting did not occur, and the results were correct. 

Regarding the user acceptance survey, results were reported with confidence 

intervals at the 95% confidence level, and statistical analysis resulted in a valid 

model for knowledge workers’ interest in sharing stress data. In addition, the 

operational measures for the theoretical constructs were validated. The resultant 

empirical model examining the causal relations of employees’ interest to share 

stress data by assessing their interest in employing unobtrusive stress monitoring 
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technologies and their privacy concerns about data use was a simplification of a 

specific view of the world. Thus, it could be extended to cover other influencing 

factors at individual and organizational levels. Nonetheless, the model provides 

valuable information for work-related well-being service designers to adopt, even 

in its simple form. 

The main limitation of the survey is that 90% of the respondents were from 

Finland and Spain, and only 10% were from other countries. As attitudes toward 

work stress and technology may differ between cultures, the findings may not be 

directly transferrable to other cultural settings. However, the results obtained with 

the nationalities available in this study did not indicate high variations in user 

responses between nationalities. 

4.4 Significance of the results 

Managing work stress is a critical aspect of the sustainable work-life well-being of 

individual employees, organizations, and society. Healthy, skilled, and innovative 

employees are an organization’s most important capital, yet a quarter of all 

employees within the European Union member states experienced frequent or 

constant stress at work (Eurofound, 2017). In line with the United Nations’ 

Sustainable Development Goals, the purpose of this dissertation was to promote a 

sustainable work culture by adopting unobtrusive technologies to assess work-

related stress continuously. 

In general, work stress is such a multifaceted research phenomenon that it is 

essential to cover as many contributing factors and resulting reactions as possible, 

and no single measurement is enough. Therefore, to advance the current state of the 

research, this dissertation studied the applicability of environmental sensor data for 

continuous work stress assessment in a knowledge work context with long-term 

real-life experiments. Significantly, this research has experimented with two 

distinctively novel ways of measuring stress-related information. The research 

extends the amount of available stress information sources, with the primary aim 

of complementing the known and accepted stress detection techniques already 

available to date. 

The practical novelty value is in the developed stress assessment solutions, 

prospectively applicable in real life, with a high enough accuracy to consider the 

operational deployment of the technology and employee acceptance. Of course, the 

applicability is on the condition that the results are valid outside the experiment test 

group, with the majority population. The conceivable impact of the results is the 
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utilization of privacy-safe sensor data to monitor employees’ stress levels 

unobtrusively and over the long term in order to make the stress experienced by 

employees visible and provide personalized well-being services to those in need. 

Ultimately, timely administered support for stress and work management will 

reduce ill-health costs and improve productivity, which benefits individual 

employees, organizations, and society. 

Moreover, the transfer from traditional occupational health services to data-

driven personalized health services and applications can create new business 

opportunities for companies. Unobtrusive monitoring of workspaces using 

affordable privacy-safe IEQ and human motion sensors and machine learning may 

serve as potential inputs for a recommender system to personalize stress 

management and intervention tools. Such personalization is critical to increase the 

relevance of interventions and improve acceptance. This dissertation is a sound 

basis for the development of novel human resource management solutions, such as 

an organizational barometer, which can frequently assess the work stress and well-

being of larger units such as teams and, eventually, the collective health of the entire 

organization. 

4.5 Future research 

The results of this dissertation are potentially a good starting point for the 

commercial development of privacy-safe data-driven stress assessment for the 

well-being improvements of employees and organizations. However, further 

ecological validation of the results should be performed with more extensive data 

and subjects. Future research should focus on a broader evaluation of combined 

sensor modalities, relevant feature sets, personal characteristics (e.g., personality 

traits), stress factors, and responses. Moreover, developing models that combine 

different data types, including but not limited to environmental, physiological, and 

behavioral sensor data, would be valuable for making stress detection more 

context- and person-adaptive. Eventually, the target would be to provide 

personalized recommendations and workspace adjustments based on individual 

requirements and different working tasks. 

As a future direction, the author proposes developing a continuous 

organizational well-being barometer based on multiple sensor measurements and 

employee feedback to address the entire organization’s current, past, and even 

predicted work stress levels for the improved management of employee wellbeing. 

To this end, the plan is to study how to present stress detection results and 
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recommendations in an engaging way to employees and employers by canvassing 

the relevance of this information. Finally, providing more precise information could 

enable enhanced decision-making to address the requirements of the human capital 

of organizations. 
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5 Conclusions 

Prolonged stress and resultant exhaustion of the workforce have become an 

increasing problem globally. Especially in knowledge-intensive work, the mental 

health of employees has emerged as a strategic priority for maintaining workforce 

sustainability. Consequently, new solutions are needed to automatically detect 

stress and the related risk factors continuously to sustain well-being at work. 

Work stress is a complex phenomenon influenced by various psychosocial and 

physical factors, including shortcomings in the work environment. Moreover, stress 

is individually manifested in human behavior and physiology. Thus, it is crucial to 

monitor circumstances affecting and reflecting employees’ stress levels. This 

dissertation explored the applicability of IEQ and human motion sensor data for 

continuous work stress assessment of individual knowledge workers by conducting 

three long-term field experiments and one online survey. The contributions 

included implementing a multi-sensor system to continuously monitor IEQ and 

human motion in different knowledge work settings. New methods of applying 

machine learning and empirical sensor data to assess the knowledge worker’s 

perception of stress were presented, and performance was evaluated. 

The research contribution is scientifically novel, as it experimented with two 

distinctively new ways of monitoring stress-related information. The research 

extends the amount of available stress information sources, with the primary aim 

of complementing the commercial stress detection approaches available to date. 

Furthermore, the general acceptance of the introduced stress monitoring approach 

was confirmed with an international survey studying knowledge workers’ opinions 

about a wide variety of sensor-based stress monitoring technologies. The survey 

also verified that knowledge workers are interested in sharing their stress-indicative 

data to promote coping at work. 

The proposed stress assessment solution is potentially applicable in workplaces, 

with an accuracy that might be sufficient for operational deployment and high 

employee acceptance, on the condition that the results are valid for the general 

population. The conceivable impact of the results is employing environmental 

sensor data as a component of monitoring employees’ stress levels unobtrusively 

and over the long term for the purpose of providing personalized well-being 

services to employees. Ultimately, timely administered support for avoiding excess 

stress and enhancing human capital management will reduce ill-health costs and 

improve productivity, which will benefit individual employees, organizations, and 

the future society. 
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